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Abstract

The proliferation of sophisticated deepfakes poses signifi-
cant threats to information integrity. While DINOv2 shows
promise for detection, existing fine-tuning approaches treat
it as generic binary classification, overlooking distinct ar-
tifacts inherent to different deepfake methods. To address
this, we propose a DeepFake Fine-Grained Adapter (DFF-
Adapter) for DINOv2. Our method incorporates lightweight
multi-head LoRA modules into every transformer block, en-
abling efficient backbone adaptation. DFF-Adapter simul-
taneously addresses authenticity detection and fine-grained
manipulation type classification, where classifying forgery
methods enhances artifact sensitivity. We introduce a shared
branch propagating fine-grained manipulation cues to the au-
thenticity head. This enables multi-task cooperative optimiza-
tion, explicitly enhancing authenticity discrimination with
manipulation-specific knowledge. Utilizing only 3.5M train-
able parameters, our parameter-efficient approach achieves
detection accuracy comparable to or even surpassing that of
current complex state-of-the-art methods.

Introduction
In recent years, the explosive growth of deep-fake technol-
ogy has ushered in a revolutionary breakthrough in multi-
media content generation, dramatically extending the practi-
cal boundaries of visual synthesis (Tolosana et al. 2020).The
misuse of deepfake technology raises profound security con-
cerns, eroding trust through identity theft, privacy violations,
and misinformation. With the rapid advancement of gener-
ative models, synthetic content increasingly bypasses tradi-
tional forensic methods, making the development of broadly
generalisable detection systems an urgent priority in AI se-
curity (Masood et al. 2023; Pei et al. 2024; Dai, Fei, and
Huang 2024; Dai et al.).

To address the generalization challenges in deepfake de-
tection, existing approaches can be broadly categorized into
four types: detection based on physiological/physical arti-
facts (Haliassos et al. 2021), noise residual analysis (Jeong
et al. 2022), feature consistency analysis (Hu et al. 2022b),
and pre-trained large models based detection (Zhuang et al.
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Figure 1: Training and Inference Stages. During training,
the frozen DINOv2 backbone with the DFF-Adapter is aug-
mented by three adapter heads: authenticity, forgery-type,
and shared. The authenticity and forgery-type branches are
jointly optimized, while the shared branch captures fine-
grained forgery cues and transfers them to the authenticity
stream. During inference, only the fused authenticity and
shared branches are used for face forgery detection.

2022a). Recent research have increasingly adopted pre-
trained large model to extract more expressive and semanti-
cally rich feature representations. Fine-tuning methods (Hu
et al. 2022a; Page-Caccia et al. 2023) based on the ViT archi-
tecture have achieved state-of-the-art performance on multi-
ple public deepfake datasets, validating their broad applica-
bility and remarkable potential in forgery detection tasks,
while offering a promising pathway to enhance model gen-
eralization (Lin et al. 2025a). Meanwhile, the emergence
of recent benchmarks featuring diverse generative models
and demographic variations (Lin et al. 2025b) and ILLU-
SION (Thakral et al. 2025) further emphasizes the need for
detectors with stronger generalization and fairness. How-
ever, existing detection methods based on pre-trained large
models either insert an adapter in the final Transformer
block or apply LoRA to fine-tune parameters. These ap-
proaches lack task-specific design for deepfake detection
and struggle to surpass the upper bound of generalization
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performance.
To address this issue, we propose the DeepFake Fine-

Grained Adapter (DFF-Adapter), a fine-grained tuning
method for deepfake detection based on DINOv2. Specif-
ically, DFF-Adapter is integrated into every Transformer
block of DINOv2 to enable the joint optimization of two
tasks: authenticity detection and forgery type classification.
The architecture comprises three branches: an authentic-
ity detection head, a forgery type classification head, and
a shared head adapter. The shared head participates in fea-
ture modeling for both tasks, aiming to effectively transfer
the fine-grained forgery cues extracted by the forgery type
branch to the authenticity branch. This allows the main task
to go beyond relying solely on coarse global signals and in-
stead benefit from the detailed artifact patterns learned by
the auxiliary task, leading to more generalizable forgery de-
tection (see in Figure. 1). Additionally, we divide the input
features of each adapter head into multiple subspaces and
introduce a multi-head composition mechanism that enables
different subspaces to focus on distinct aspects of forgery-
related features, thereby achieving multi-view feature fu-
sion.

Our main contributions are summarized as follows:

• We devise a DeepFake Fine-Grained Adapter architec-
ture that intertwines a shared branch with task-specific
branches, enabling the authenticity detector to inherit
fine-grained forgery cues from the forgery-type classifi-
cation task.

• We propose a Forgery-Aware Multi-Head Router that
partitions intermediate Transformer features into multi-
ple subspaces and, for each subspace, dynamically routes
to a learned top-3 set of LoRA experts. This per-subspace
expert optimization fully mines localized forgery arte-
facts and enables fine-grained, multi-view feature fusion.

• Our method achieves superior generalization in cross-
dataset evaluations, outperforming state-of-the-art ap-
proaches on multiple challenging benchmarks. Further-
more, in cross-manipulation evaluations conducted on
the recently proposed DF40 dataset, it also achieves the
best overall performance among all competing methods.

Related Work
Classical Forgery Detection Methods
To improve the generalization ability of face forgery de-
tection models against unseen manipulation methods, re-
searchers have proposed numerous detection methods.Early
research concentrated on identifying physiological or phys-
ical artifacts introduced during the synthesis process, target-
ing visually observable inconsistencies directions (Halias-
sos et al. 2021; Li and Lyu 2018). However, with the rapid
advancement of generative models, these artifacts have be-
come increasingly subtle and less discernible. In response,
researchers have proposed noise residual analysis methods
that exploit subtle anomalies in the frequency domain (Jeong
et al. 2022; Wang et al. 2023a; Tan et al. 2024); Methods
based on feature consistency focus on detecting latent in-
consistencies among internal representations within forged

images, capturing contradictions between manipulated and
authentic regions (Zhao et al. 2021; Zhai et al. 2023; Hu
et al. 2024).In contrast to these traditional techniques, recent
methods based on pre-trained large models leverage power-
ful visual representations learned from diverse, large-scale
datasets. These models exhibit superior global perception,
semantic abstraction, and robust generalization to unseen
forgeries. pre-trained large models offer a unified and ex-
tensible framework for face forgery detection across diverse
manipulation techniques and data domains.

Pre-trained Large Models for Detection

Methods based on pre-trained large models leverage knowl-
edge distilled from vast image corpora and fine-tune deep
networks for the forgery detection task. Prior studies have
explored various architectural improvements to the Vision
Transformer (Fu et al. 2025a), and some research focuses
on uncovering the visual priors embedded in clip (Yu et al.
2025; Yan et al. 2025). By employing lightweight fine-
tuning strategies, these methods have effectively enhanced
the model’s generalization ability in cross-dataset scenarios.

DINO is a visual foundation model based on Vision
Transformer (Caron et al. 2021). It employs self-supervised
knowledge distillation to learn structure-aware and highly
generalizable visual features from large-scale unlabeled im-
age datasets, thereby encoding rich prior knowledge. In
deepfake detection tasks, simply appending a linear clas-
sifier to DINOv2 can significantly outperform supervised
models such as DeiT-III and CLIP during testing (Nguyen,
Yamagishi, and Echizen 2024). Compared to CLIP, which
operates with dual image-text branches and focuses on se-
mantic alignment, DINOv2 adopts a purely visual self-
supervised learning paradigm, preserving fine-grained lo-
cal textures and geometric structures more effectively. It
has shown superior performance in dense prediction tasks
such as semantic segmentation and patch matching com-
pared to weakly-supervised models like OpenCLIP (Oquab
et al. 2023), making it more sensitive to subtle forgery traces
in images.

Current detection methods based on DINOv2 commonly
insert adapters only into the final Transformer block or
fine-tune merely the last few layers (Kundu, Balachan-
dran, and Roy-Chowdhury 2025; Pellicer, Li, and Angelov
2024). However, such a limited fine-tuning scope constrains
the backward propagation of task-specific signals to ear-
lier layers, thereby hindering the modeling of low-level
forgery cues and lacking specificity for the deepfake detec-
tion task.To address these limitations, we propose the Deep-
Fake Fine-Grained Adapter (DFF-Adapter), which injects
both task-specific and shared low-rank adapters through-
out the entire DINOv2 backbone. This design is tailored
specifically for face forgery detection, aiming to capture
the distinctive artifact patterns characteristic of various ma-
nipulation methods. By modeling fine-grained forgery cues
through task-aware adaptation, DFF-Adapter enhances the
model’s sensitivity to manipulation-specific traces and ef-
fectively improves the generalization capability of deepfake
detection approaches.
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Figure 2: The framework of our method augments a frozen DINOv2 backbone with DFF-Adapters placed in each Transformer
block. Each adapter contains three low-rank heads—authenticity, forgery-type, and shared—whose multi-head routers select
the top-3 LoRA experts per feature subspace. The shared head transfers fine-grained cues to the authenticity stream. During
training, the authenticity and forgery-type CLS tokens are supervised by a binary cross-entropy loss 𝐿bce and a multi-class loss
𝐿ftc, respectively.

DeepFake Fine-Grained Adapter

Overview

Vision Transformers such as DINOv2 have recently been
adopted for forgery detection and already outperform con-
ventional CNNs. Most existing methods treat deepfake de-
tection as a binary classification task and fine-tune only the
final layers of the backbone accordingly. However, such
methods overlook the fact that different forgery methods
often generate distinct artefactual patterns. These method-
specific cues are informative yet underutilized, limiting the
model’s ability to generalize across manipulation types.

To address this limitation, we propose the DeepFake Fine-
Grained Adapter (DFF-Adapter), a lightweight, low-rank
tuning scheme tailored for deepfake detection. DFF-Adapter
jointly optimizes authenticity discrimination and forgery-
type classification by injecting task-specific and shared
adapters into every Transformer block of a frozen DINOv2
backbone. To further enhance feature diversity and gener-
alization, we design two core modules: a Forgery-Aware
Multi-Head Router, which captures diverse forgery artefacts
by adaptively routing feature subspaces to specialized ex-
perts, and a Shared-Enhanced Task Fusion module, which
integrates multi-level task-specific and shared representa-
tions to transfer fine-grained forgery cues from the auxiliary
branch, thereby enhancing the authenticity detector’s sensi-
tivity to manipulation artefacts.

Forgery-Aware Multi-Head Router
To capture the diverse forgery artefacts that manifest in dif-
ferent channel sub-spaces, we propose a lightweight Deep-
Forgery Multi-Head Router(DF-MHR) into our DeepFake
Fine-Grained Adapter. DF-MHR partitions the input feature
map along the channel axis into ℎ disjoint heads, enabling
independent analysis of each sub-space. All head adapters
share a pool of 𝑁 low-rank LoRA adapters; for every head,
a router scores the adapters and activates the top-3 that best
fit the statistics of that sub-space. This per-sub-space expert
allocation equips each head with a specialised adapter set
tuned to the artefacts present in its own feature slice. Finally,
the head adapter outputs are concatenated into a unified rep-
resentation that strengthens forgery modelling while intro-
ducing only a modest number of parameters.

Given the hidden states of a Transformer block X ∈ R𝐿×𝑑 ,
we split the channel axis into ℎ head adapters, X(𝑘 ) ∈ R𝐿×𝑑ℎ

with 𝑑ℎ = 𝑑/ℎ. The router keeps two routing-logit tables: a
task-specific tensor Ztask ∈R𝑇×ℎ𝑡×𝑁 serving the ℎ𝑡 task head
adapters, and a global vector Zshared ∈R𝑁 used by the shared
head adapter.

Task-Specific Head Adapter Each task-specific head
adapter draws from a shared bank of 𝑁 low-rank LoRA ex-
perts {(A 𝑗 ,B 𝑗 )}𝑁𝑗=1. For a slice width 𝑑ℎ, the two projection
matrices in expert 𝑗 have shapes 𝑑ℎ × 𝑟ℎ and 𝑟ℎ × 𝑑ℎ, where
the per-head rank is 𝑟ℎ = 𝑟/ℎ. For each task-specific head
adapter 𝑘 = 1, . . . , ℎ𝑡 under task 𝑡, we compute the output
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feature 𝑓 𝑘𝑡 as follows:

𝑓 𝑘𝑡 = 𝛽
∑︁
𝑗∈𝑆𝑡,𝑘

𝑔̃
( 𝑗 )
𝑡 ,𝑘

B 𝑗

(
A 𝑗X(𝑘 ) ) (1)

𝑔̃
( 𝑗 )
𝑡 ,𝑘

=
𝑔
( 𝑗 )
𝑡 ,𝑘∑

ℓ∈𝑆𝑡,𝑘 𝑔
(ℓ )
𝑡 ,𝑘

, (2)

𝑆𝑡 ,𝑘 = Top3 (𝑁, 𝑔𝑡 ,𝑘) (3)

𝑔𝑡 ,𝑘 = 𝜎
(
Ztask [𝑡, 𝑘] ) (4)

where 𝜎(·) denotes the softmax function. Top 3(𝑁, ·) de-
notes the set comprising the indices of the three highest rout-
ing probabilities among those computed for head adapter 𝑘
of task 𝑡 across all 𝑁 LoRA experts. 𝑔𝑡 ,𝑘 is the gating scores
with head adapter 𝑘 of task 𝑡. Ztask [𝑡, 𝑘] is the score for the
𝑁 LoRA experts associated, and 𝛽 is a scaling coefficient
controlling the magnitude of aggregated LoRA expert out-
puts.

Shared Head Adapter Given the global logit vector
Zshared ∈ R𝑁 , the shared head adapter output is computed
in a single expression:

𝑓share = 𝛽

𝑁∑︁
𝑗=1

𝜎
(
Zshared

)
𝑗
B 𝑗

(
A 𝑗X(0) ) , (5)

where X(0) is the feature slice for the shared head adapter
and 𝛽 is a scaling coefficient controlling the magnitude of
aggregated LoRA expert outputs.

Shared-Enhanced Task Fusion
To improve generalization under diverse manipulation tech-
niques, this module enhances task-aware representation
learning by residually fusing shared and task-specific up-
dates across all Transformer blocks, thereby enabling the
authenticity detector to inherit auxiliary task knowledge and
capture manipulation-specific cues.

The DFF-Adapter inserts low-rank updates into every
query, value, and dense projection of each Transformer
block. At block 𝑙 it yields one shared update 𝑓

(𝑙)
share and 𝑛

task-specific updates { 𝑓 (𝑙) ,𝑘
𝑖

}𝑛
𝑘=1, where 𝑖 ∈ {0, 1} indexes

authenticity and forgery-type tasks, respectively.
Across the 𝐿 blocks, these updates are added residually

to the token stream, so the CLS token 𝑓bin can be generally
expressed as:

𝑓bin = ℎcls + concat( 𝑓share, 𝑓
1
0 , . . . , 𝑓

𝑛
0
)
, (6)

where ℎcls is the CLS token from the frozen backbone,
and concat(·) stacks the shared output 𝑓share with the 𝑛

authenticity-specific outputs { 𝑓 𝑘0 } along the channel dimen-
sion.Providing 𝑓bin as input to the binary classifier, the
binary-cross-entropy loss Lbce is formulated as follows:

Lbce = BCE
(
𝑦, ℎbce ( 𝑓bin)

)
, (7)

where BCE(·, ·) denotes the binary cross-entropy loss func-
tion that measures the discrepancy between the predicted
probability and the ground truth label, ℎbce (·) denotes the

binary classification layer that converts its input into the pre-
dicted probability of the fake class,y is the ground truth la-
bel.

Similarly, the CLS token for the forgery-type branch is
𝑓ftc = ℎcls + concat( 𝑓share, 𝑓

1
1 , . . . , 𝑓

𝑛
1
)
, (8)

where concat(·) stacks the shared output 𝑓share with the 𝑛

forgery-type–specific outputs { 𝑓 𝑘1 } along the channel di-
mension.Providing 𝑓ftc as input to the forgery type classi-
fier, the forgery type classification loss Lftc is formulated as
follows:

L 𝑓 𝑡𝑐 = −
𝐶∑︁
𝑐=1

𝑦𝑐 log ℎftc ( 𝑓ftc), (9)

where 𝑦𝑐 represents the integer-encoded ground-truth label
indicating the correct forgery type among 𝐶 categories,and
the function ℎftc (·) denotes the predicted probability for
class 𝑐.

Training Details
To fully leverage the complementary strengths of authentic-
ity discrimination and forgery-type recognition, we adopt a
dual-branch training strategy where each task is optimized
in a separate forward pass within the same mini-batch. This
task-wise decoupling avoids gradient interference, allow-
ing each branch to focus on learning task-specific patterns.
Meanwhile, the shared adapter facilitates cross-task knowl-
edge transfer, enabling the authenticity branch to benefit
from the fine-grained forgery cues captured by the auxiliary
classification task.

During each mini-batch, the frozen backbone processes
the same input images twice. In the first forward pass, the
task flag is set to zero to indicate the authenticity prediction
task, and the network produces the authenticity logits. In the
second forward pass, the task flag is switched to one to in-
dicate the forgery-type classification task, and the network
outputs the forgery-type logits. The total loss is defined as:

L = 𝜆0 Lbce + 𝜆1 Lftc, (10)
where 𝜆0 and 𝜆1 are weighting hyperparameters that con-
trol the relative contributions of the authenticity and forgery-
type branches. This total loss is back-propagated to update
only the DeepFake Fine-Grained Adapters and task-specific
classifiers, while keeping all backbone parameters frozen.

Experiments
Experimental Settings
Datasets The FaceForensics++ (FF++) (Rossler et al.
2019) dataset includes 1,000 real videos and 4,000 forgery
videos across four deepfake categories, which is one of the
most widely-used datasets for deepfake detection. CDF-v1,
CDF-v2 (Li et al. 2020b), DFDCP (Dolhansky et al. 2020a),
DFDC (Dolhansky et al. 2020b), and DF40 (Yan et al.
2024b) are commonly used datasets for evaluating general-
ization performance in deepfake detection. The datasets em-
ployed in this work are collected from DeepFakeBench (Yan
et al. 2023b) and DF40, which serve as standardized bench-
marks for deepfake detection. To be consistent with the pre-
vious deepfake detection approaches, we trained only on c23
compression version of FF++ dataset.
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Method Venue Intra-dataset Cross-dataset
FF++ CDF-v2 DFDC CDF-v1 DFDCP Avg.

Xception (Rossler et al. 2019) ICCV’19 97.23 81.65 – 80.98 69.90 –
FaceXRay (Li et al. 2020a) CVPR’20 – 79.50 – 80.58 80.92 –

F3Net (Qian et al. 2020) ECCV’20 98.20 78.88 71.77 81.11 73.50 76.32
SPSL (Liu et al. 2021) CVPR’21 96.91 79.86 66.16 85.02 75.86 76.73

RECCE (Cao et al. 2022) CVPR’22 99.32 82.31 69.58 81.49 71.49 76.21
SBI (Shiohara and Yamasaki 2022) CVPR’22 99.15 93.82 74.47 93.44 90.95 88.17

UIA-ViT (Zhuang et al. 2022b) ECCV’22 99.33 82.41 – 86.59 75.80 –
TALL (Xu et al. 2023) ICCV’23 99.87 90.79 76.78 – – –

SeeABLE (Larue et al. 2023) ICCV’23 – 87.3 75.9 – 86.3 –
AltFreezing (Wang et al. 2023b) CVPR’23 93.81 89.50 64.75 88.48 64.05 76.70

UCF (Yan et al. 2023a) CVPR’23 98.69 83.73 75.11 86.08 80.50 81.36
LSDA (Yan et al. 2024a) CVPR’24 – 91.10 77.00 – – –
CFM (Luo et al. 2023) TIFS’24 – 89.65 80.22 – – –

InfoClue (Ba et al. 2024) AAAI’24 – 93.6 75.4 – 90.2 –
LVLM-DFD (Yu et al. 2025) ICML’25 99.53 94.71 79.12 97.62 91.81 90.82

VB-StA (Yan et al. 2025) CVPR’25 – 94.7 84.3 – 90.9 –
ProDet (Cheng et al. 2024) NIPS’25 – 92.62 71.52 94.48 82.83 85.36

UDD (Fu et al. 2025b) AAAI’25 – 93.13 81.21 – 88.11 –

Ours – 99.56 95.26 89.96 96.14 91.57 93.23

Table 1: Comparison of intra-dataset and cross-dataset performance between our method and existing deepfake detec-
tion methods. The best AUC scores are highlighted in bold, and the second-best scores are underlined. All results are taken
from the original publications or LVLM-DFD(Yu et al. 2025).

Evaluation metrics Following existing approaches, we
report video-level Area Under the Receiver Operating Char-
acteristic Curve (AUC) for a fair comparison with prior
works. The video-level scores are computed by averaging
the frame-level predictions across all frames in each video.

Implementation Details We adopt the facebook/dinov2-
with-registers-large (Oquab et al. 2023) checkpoint as a
frozen backbone and insert DFF-Adapter into the query,
value, and dense projections of Transformer blocks. Each
DFF-Adapter is configured with rank 𝑟 = 16, scaling factor
𝛼 = 32, a total of 6 LoRA experts, and 4 head adapters.All
the images are cropped to 224 × 224 and the batch size is
configured as 24. We train the model for 50 epochs on a sin-
gle NVIDIA RTX 4090 GPU using the Adam optimizer with
a learning rate of 2 × 10−4 and a weight decay of 1 × 10−5.
The loss weights in Eq. (10) are set to 𝜆0 = 10 and 𝜆1 = 2.
All experiments follow the default DeepfakeBench settings.

Comparison with SOTA Detection Methods
We compare our approach with several state-of-the-art deep-
fake detection methods.

Intra-Dataset Evaluation. Following the intra-dataset
evaluation protocol proposed in DeepfakeBench, we con-
duct a comprehensive comparison between our method and
existing state-of-the-art deepfake detection approaches on
the FF++ dataset. To ensure fairness and consistency, we
strictly adhere to the training and testing splits defined in

the benchmark. As reported in Table 1 our method achieves
a detection AUC of 99.56, demonstrating highly competitive
performance and validating its effectiveness under standard
evaluation settings.

Cross-Dataset Evaluation. To assess the generalization
ability of our method, we perform cross-dataset evalua-
tions following the standardized protocol defined in Deep-
fakeBench. Specifically, the model is trained on the FF++
dataset (c23 version) and evaluated on several unseen
datasets, including CDF-v1, CDF-v2, DFDCP, and DFDC.
We report video-level AUC scores to comprehensively mea-
sure performance across diverse domains. As shown in Ta-
ble 1, our method consistently outperforms existing state-
of-the-art approaches on multiple challenging benchmarks,
achieving an average improvement of 2.41 AUC points.

Cross-Manipulation Evaluation. With the rapid ad-
vancement of generative technologies, new forgery tech-
niques continue to emerge at an unprecedented pace. As a
result, many existing detection models exhibit suboptimal
performance on the recently introduced DF40 dataset. To
evaluate the generalization capability of our method against
unseen forgery techniques, we train the model on the FF++
dataset and conduct testing on the DF40 benchmark. We
evaluate performance across the FF++ domain of DF40, cov-
ering three major forgery categories: Face-swapping (FS),
Face-reenactment (FR), and Entire Face Synthesis(EFS),
spanning a total of 12 diverse manipulation methods. As pre-
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D
F4

0-
FS

FaceDancer InSwapper FSGAN UniFace

SBI 78.18 88.52 89.62 89.02
DINOv2 57.31 64.48 77.24 68.76

LVLM-DFD 82.97 87.64 93.75 90.61
Ours 93.15 93.98 98.84 94.51

D
F4

0-
FR

FOMM HyperReenact Wav2Lip MCNet

SBI 88.03 65.26 77.06 81.51
DINOv2 76.67 46.25 56.36 57.40

LVLM-DFD 93.34 81.56 78.60 83.45
Ours 95.36 90.28 91.65 86.29

D
F4

0-
E

FS

StyleGAN3 StyleGAN-XL VQGAN DiT-XL/2

SBI 97.91 23.26 91.47 53.59
DINOv2 85.93 87.70 90.21 74.57

LVLM-DFD 98.87 100.00 99.99 86.61
Ours 99.92 100.00 100.00 98.44

Table 2: Cross-manipulation evaluation on DF40. All meth-
ods are evaluated on different manipulated subsets. Best re-
sults are in bold.

sented in Table 2, our method outperforms all existing detec-
tion approaches across all categories, demonstrating strong
generalization ability in detecting a wide range of unseen
forgery techniques.

Analysis
Ablation studies. To evaluate the effectiveness of the pro-
posed Forgery-Aware Multi-Head Router (FAMHR) and
Shared-Enhanced Task Fusion (SETF), we perform ablation
studies across multiple datasets. As shown in Table 3, in-
troducing FAMHR significantly improves cross-dataset per-
formance by enabling adaptive expert routing over feature
subspaces, which enhances the model’s ability to capture
diverse localized forgery artefacts. Building on this, incor-
porating SETF consistently boosts performance by transfer-
ring fine-grained cues from the auxiliary task to the main au-
thenticity stream. The full model achieves the highest AUC
across all benchmarks, demonstrating the complementary
benefits of FAMHR and SETF in enhancing generalization
under diverse manipulation types.Additional ablation results
and technical analyses are available in our extended version
posted on arXiv.

Comparison with Fine-Tuning Strategies. We conduct a
comprehensive evaluation of the proposed DFF-Adapter for
deepfake detection by comparing it with several representa-
tive fine tuning strategies : (1) Linear Probing (LP), which
freezes the backbone and trains only a linear classifier; (2)
LoRA fine-tuning, which inserts low-rank adaptation matri-
ces for efficient updates; (3) MoE-FFD (Kong et al. 2024),
a recent approach that integrates LoRA and Adapter layers
with a mixture-of-experts routing mechanism for forgery de-
tection; and (4) our method. As reported in Table 4, DFF-
Adapter achieves superior performance across diverse ex-
perimental settings, demonstrating its effectiveness in cap-

DINOv2 FAMRH SETF CDF-v2 DFDC CDF-v1 DFDCP

✓ 61.93 52.83 68.46 55.54
✓ ✓ 89.56 86.24 85.53 87.11
✓ ✓ ✓ 95.26 89.96 96.14 91.57

Table 3: Ablation study results on cross-dataset evaluation.

Fine-Tuning Paradigms CDF-v2 DFDC CDF-v1 DFDCP

LP 66.63 72.54 56.45 65.90
LoRa 85.14 79.95 85.14 81.49

MoE-FFD 80.40 76.52 65.75 87.60
ours 95.26 89.96 96.14 91.57

Table 4: Comparison with fine-tuning strategies on cross-
dataset evaluation.

turing manipulation-specific features and strong generaliza-
tion ability to unseen forgeries.This superior performance is
attributed to its ability to fully exploit DINOv2’s strength in
local feature representation, enabling the model to capture
fine-grained forgery artifacts more effectively.

Identity Constrained Training. As concerns over bio-
metric privacy continue to rise, it is becoming increasingly
difficult to obtain large-scale face datasets, particularly in
terms of acquiring a sufficient number of identities and train-
ing images. To rigorously evaluate the generalization capa-
bility of our proposed DFF-Adapter-DINO detector under
such data-scarce conditions, we conducted a series of exper-
iments with progressively fewer training identities. Specifi-
cally, we randomly sampled 10, 30, and 50 identities from
the FF++ training set, which correspond to approximately
1%, 3%, and 5% of the total available identities, respec-
tively. As shown in Table 5, our method achieves decent
performance with only 50 identities. Even with as few as
10 identities, it maintains competitive accuracy. These re-
sults demonstrate the generalization strength and practical
relevance of our method in few-identity settings, indicating
that DFF-Adapter successfully harnesses the visual priors of
DINOv2 for generalizable forgery detection.

Comparison with Pre-trained Large Models. As shown
in Table 6, we conducted a comparative study of represen-
tative pre-trained vision models, including CLIP and DINO,
and evaluated their performance using AUC and Equal Er-
ror Rate (EER). Models marked with * denote those in-
tegrated with DFF-Adapter. CLIP ,trained on image–text
pairs, emphasizes semantic alignment but lacks sensitivity
to fine-grained visual artifacts. DINO improves upon CLIP
by capturing local structures through self-distillation. To
fully leverage the rich visual priors encoded in DINOv2,
we propose DFF-Adapter. Our method jointly optimizes
authenticity prediction and forgery-type classification, en-
abling more discriminative and manipulation-sensitive rep-
resentations through multi-head routing and shared knowl-
edge transfer. Built on this synergistic design, our method
achieves the highest AUCs and lowest EERs across all eval-
uated benchmarks.
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Training Identities CDF-v2 DFDC CDF-v1 DFDCP

10 81.97 82.63 81.62 82.22
30 81.94 79.16 90.49 81.25
50 87.28 82.37 91.26 86.16

Table 5: Cross-dataset evaluation under identity constrained
training.

Model Arch. FF++ CDF-v2 DFDC

AUC EER AUC EER AUC EER

CLIP ViT-B/16 86.01 22.85 76.27 30.89 77.20 30.06
CLIP ViT-L/14 91.30 17.14 80.16 29.17 76.76 30.46
CLIP∗ ViT-B/16 99.29 0.71 85.19 22.47 83.19 24.82
CLIP∗ ViT-L/14 97.14 2.57 89.10 15.28 84.75 23.32
DINOv2 ViT-B/16 79.07 28.57 65.38 40.45 68.97 36.58
DINOv2 ViT-L/14 84.84 23.57 66.63 35.39 72.54 33.15
DINOv2∗ ViT-B/16 99.61 2.32 93.35 14.61 82.00 25.49
DINOv2∗ ViT-L/14 99.56 1.79 95.26 12.65 89.96 17.96

Table 6: Comparison with pre-trained large models on FF++,
CDF-v2, and DFDC. Performance is reported as AUC (%)
and EER (%).

t-SNE Feature Visualization. To illustrate the effective-
ness of DFF-Adapter in learning discriminative and general-
izable representations, we conduct a t-SNE visualization of
the learned feature distributions under both intra-dataset and
cross-dataset settings. Specifically, we compare the features
extracted from a vanilla DINOv2 model (fine-tuned only at
the last layer) and our full DFF-Adapter model. The visual-
ization is performed on the FF++ dataset (intra-dataset) and
the unseen CDF-v2 dataset (cross-dataset).

As shown in Figure. 3, in the intra-dataset setting (FF++),
the DINOv2 baseline fails to distinguish between real and
fake samples, as its t-SNE plot exhibits a highly entangled
distribution with no clear separation between authentic and
manipulated faces. This indicates that simply fine-tuning the
final layer is insufficient to extract meaningful features for
forgery detection. In contrast, our DFF-Adapter yields well-
separated and compact clusters in the feature space—not
only achieving clear boundaries between real and fake sam-
ples, but also effectively separating different types of forg-
eries. This demonstrates that the auxiliary forgery-type clas-
sification task enables the authenticity branch to benefit from
manipulation-specific cues, resulting in more discriminative
and semantically structured feature representations.In the
cross-dataset visualization on CDF-v2, the difference be-
comes even more pronounced. The baseline DINOv2 model
shows entangled and irregular feature clusters, highlighting
its poor generalization to out-of-distribution samples. Mean-
while, our DFF-Adapter maintains clear separation between
real and fake samples, and still preserves identifiable struc-
ture among different forgery types.

(a) DINOv2 (b) OURS

Figure 3: T–SNE visualizations on two datasets: top row
shows intra-dataset (FF++), bottom row shows cross-dataset
(CDF-v2).

Conclusion
In this work, we introduced DFF-Adapter-DINO, which en-
riches a frozen DINOv2 backbone with DeepFake Fine-
Grained Adapters. By jointly optimizing authenticity de-
tection and forgery-type classification, and by sharing fine-
grained cues through a dedicated shared adapter, DFF-
Adapter-DINO leverages both global semantics and lo-
cal artifact patterns.Across five deepfake benchmarks, our
method attains the best overall performance and maintains
strong generalization under challenging cross-dataset and
cross-manipulation scenarios. Taken together, these results
demonstrate that DFF-Adapter provides an efficient way to
leverage the rich priors of DINOv2 for face forgery detec-
tion.

In future work, we will enhance the detection perfor-
mance of our method on forged data generated by the latest
models and design efficient algorithms to tackle real-world
scenarios.
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