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A. Full Experimental Results

Comparison of different PEFT methods. We compare
our DFD-HR with other popular parameter-efficient fine-
tuning (PEFT) methods (Tab. A). The first observation is
that Adapter [5] and LoRA [6] are better among PEFT vari-
ants. Then, for LoRA Variants, a well-designed initializa-
tion can improve the performance of traditional LoRA, e.g.,
OLoRA [1] utilizes QR decomposition to initialize LoRA
weights, which brings +1.2% AUC on CDF-v2. In addi-
tion, a structure innovation for LoRA can also improve
performance, e.g., rsLoRA scales each adapter during ev-
ery forward pass by another designed scalar which stabi-
lizes the adapters. Moreover, our proposed DFD-HR out-
performs all other PEFT methods on the DFD benchmark,
including ForAda [4], Effort [21] and MoE-FFD [10].
Additional ablation studies on DFD-HR. In Tab. B, we
first conduct a careful ablation on our proposed HR module.
The results show that hierarchical routing is necessary for
both split and original images, which helps capture differ-
ent semantic abstractions at different depths and concentrate
on varied forgery cues while suppressing spurious tokens.
Furthermore, shared routers at both the layer and token
levels enhance forgery learning by facilitating information
flow between global and local representations, e.g., token
judges guided by Spearman rank loss can also improve to-
ken selection of the original image. Other detailed abla-
tions of “Token Selection” referred in the manuscript are
provided in Tab. C. [CLS] and patch tokens can be treated
equally for selection. Then, selected tokens should be post
reweighted and token judges should differ across layers.
Additional analysis of Early Layer Pruning. Following
Fig.5 (a) of the manuscript, we provide the pruning distribu-
tion of CDF-v2 and the other four forgery methods (Fig. A).
Note that, to assess differences between instances, we com-
pute the pruning distribution of original images. Conclu-
sions are the same as the manuscript, indicating that our
Early Layer Pruning captures distinct semantic abstractions
which are asymmetric needed for real and fake samples
(Fig.2 (b) in the manuscript). Moreover, we provide the
visualization for fake images in CDF-v2 under Early Layer
Pruning in Fig. B. The results show that early-pruning sam-
ples exhibit pronounced eye-region ghosting and inconsis-
tencies, whereas forgery artifacts of late-pruning ones are
not readily visible, validating that our method adaptively
allocates inference depths according to forgery difficulty.
Additional analysis of Token-level Expert Routing. Fol-
lowing Fig.5 (b) in the manuscript, we present the complete
weight distribution for our Expert Routing (Tab. D). Since

Table A. Comparison of different parameter-efficient finetun-
ing methods on video-level AUC (%). Our settings are in blue .

Methods CDF-v2 FaceShifter Avg.

Baseline 91.8+0.0 88.8+0.0 90.3+0.0

PEFT Variants:
LNTuning [24] 85.3-6.5 90.0+1.2 87.7-2.6

BiasTuning [2] 89.4-2.4 89.3+0.5 89.4-0.9

VPT-deep [8] 88.0-3.8 89.4+0.6 88.7-1.6

SideTuning [27] 75.8-16.0 75.8-13.0 75.8-14.5

LinearProb 76.8-15.0 81.1-7.7 79.0-11.3

Partial-4 [25] 88.4-3.4 87.3-1.5 87.9-2.4

MLP-3 72.2-19.6 73.8-15.0 73.0-17.3

Adapter [5] 92.8+1.0 90.2+1.4 91.5+1.2

ForAda [4] 95.7+3.9 82.0-6.8 88.9-1.4

LoRA Variants:
LoRA [6] 91.4-0.4 90.1+1.3 90.8+0.5

Gaussian LoRA 92.1+0.3 90.2+1.4 91.2+0.9

PiSSA [17] 92.2+0.4 90.2+1.4 91.2+0.9

OLoRA [1] 92.6+0.8 90.0+1.2 91.3+1.0

rsLoRA [9] 92.6+0.8 90.1+1.3 91.4+1.1

DoRA [14] 88.6-3.2 88.8+0.0 88.7-1.6

LoHa [7] 90.5-1.3 89.9+1.1 90.2-0.1

LoKr [23] 91.7-0.1 90.2+1.4 91.0+0.7

AdaLora [28] 91.6-0.2 90.1+1.3 90.9+0.6

IA3 [13] 80.9+0.0 88.3+0.0 84.6+0.0

OFT [18] 91.1-0.7 85.5-3.3 88.3-2.0

BOFT [15] 89.6-2.2 87.2-1.6 88.4-1.9

Effort [21] 95.6+3.8 87.7-1.1 91.7+1.4

Experts Variants:
MoE-FFD [10] 91.3-0.5 - -
DFD-HR (Ours) 96.0+4.2 91.2+2.4 93.6+3.3

Table B. Ablation on HR module. Our settings are in blue .

Settings CDF-v2 FaceShifter Avg.

Insertion position of HR:
Split 95.0-1.0 90.4-0.8 92.7-0.9

Split+Origin 96.0-0.0 91.2-0.0 93.6-0.0

Weights between branches:
w.o. shared 93.4-2.6 90.2-1.0 91.8-1.8

w.i. shared 96.0-0.0 91.2-0.0 93.6-0.0

token selection begins after layer 20, we extract the gating
weights from layer 21 of the original images. The results
show that Expert #1 and Expert #4 dominate the discrimi-
nation between real and fake samples. For different forgery
methods, Expert #4 captures varied forgery cues and the
other three experts adjust their weights to avoid overfitting



case CDF. Fsh. Avg.

Patch 95.7 91.1 93.4
CLS+Patch 96.0 91.2 93.6

(a) Token Selection position. No need to re-
tain [CLS] token.

case CDF. Fsh. Avg.

Pre-weight 95.4 91.0 93.2
Post-weight 96.0 91.2 93.6

(b) Reweighting position. Reweighting the
selected tokens after the whole block is better.

case CDF. Fsh. Avg.

w.i. shared 93.7 90.2 92.0
w.o. shared 96.0 91.2 93.6

(c) Token judge between layers. Token
judges should also differ across layers.

Table C. DFD-HR detailed ablation experiments with CLIP ViT-L/14 trained on FF++ c23 [19]. We report video-level AUC (%) on
CDF-v2 and Faceshifter. If not specified, default settings are marked in blue .

Figure A. Additional analysis of Early Layer Pruning. Figure
indicates that real samples are predominantly terminated at shal-
low layers while fake ones tend to propagate to deeper layers and
differ across methods for varied forgery learning.

21-th layer 22-th layer 23-th layer 24-th layer20-th layer

Easy Hard

Figure B. Visualization of samples under Early Layer Pruning.
Original fake images in CDF-v2 [12] skip at different early layers,
illustrating a progression from simpler to more challenging cases.

specific forgery artifacts, thus proving the effectiveness.

Computing Cost Estimation. We consider the computa-
tion of multi-head attention (MHA) and feed-forward net-
work (FFN) module in the FLOPs estimation. For one trans-
former layer, assume n is the token number, d is the hid-
den state size, m is the intermediate size of FFN, the total
FLOPs can be estimated by 4nd2+2n2d+2ndm. Assume
that DFD-HR selects tokens from n to n̂ = (1 − R%) · n
after layer K and one sample early prunes at layer T .
The theoretical FLOPs of original Transformer blocks is
K× (4nd2+2n2d+2ndm)+ (T −K)× (4n̂d2+2n̂2d+
2n̂dm). Furthermore, integrating our Mixture-of-Experts
(MoE) module incurs additional FLOPs.

Table D. Gate Weight Distribution (%) of Expert Routing. (·)
is the rank of weights among experts. The largest results are indi-
cated in bold and the second-largest results are underlined.

Dataset Expert #1 Expert #2 Expert #3 Expert #4

CDF-v2real 26.09(1) 24.22(4) 24.73(3) 24.96(2)

CDF-v2fake 25.02(2) 23.84(4) 24.93(3) 26.21(1)

FaceShifterreal 26.21(1) 23.77(4) 24.80(3) 25.23(2)

FaceShifterfake 25.61(2) 23.27(4) 25.18(3) 25.94(1)

Different Forgery Methods:
UniFacefake 25.34(2) 23.28(4) 25.31(3) 26.07(1)

BleFacefake 25.66(2) 23.36(4) 25.10(3) 25.87(1)

MobSwapfake 25.32(2) 23.13(4) 25.23(3) 26.31(1)

e4sfake 25.10(3) 22.93(4) 25.55(2) 26.42(1)

FaceDanfake 25.31(3) 23.08(4) 25.32(2) 26.29(1)

FSGANfake 25.13(3) 23.15(4) 25.39(2) 26.33(1)

InSwapfake 25.41(2) 23.18(4) 25.28(3) 26.13(1)

SimSwapfake 25.47(2) 23.32(4) 25.10(3) 26.10(1)

B. Detailed Experimental Settings

Comparison of methods for Token Selection. In Tab.5 of
the manuscript, under the “Early Layer Pruning” design, we
compare our “Token Selection” method with alternative de-
signs. PCA denotes the popular feature selection method
used in LongCLIP [26]. Here, we apply it to the network’s
output hidden states and retain the top 32 principal compo-
nents. FastV [3], commonly used in MLLMs, selects to-
kens based on attention weights. For fair comparison, we
use the selection metric for the last 4 layers. Sparse At-
tention [20] is a sparse manner searching for non-semantic
features used in image manipulation localization. For fair
comparison, we apply it to the last 4 layers with sparse size
of 8. Our “Token Selection” method guided by the Spear-
man rank loss performs best among these designs.
Comparison of methods for multi-scale complementar-
ity. In Tab.6 of the manuscript, under our baseline design,
we compare our “Multi-Scale Fusion” with alternative de-
signs. “Split Ensemble” is a commonly used deep-learning
technique that aggregates the prediction scores from split
and original images during both training and inference.
“Multi CLS Pooling” and RINE [11] both leverage the
[CLS] tokens from multiple layers to capture multi-scale
information. “Multi CLS Pooling” is trained with a learn-
ing rate of 1e− 6, consistent with our baseline, while RINE
keeps the backbone frozen, following its original configu-
ration. For fair comparison, D3 [22] uses patch shuffling 4
times and the original image to focus on local forgery. Be-



sides, MRA [16] employs the ConvNext network for multi-
scale fusion, using high-resolution images resized to 384
pixels. Our approach employs single shared backbone to
learn common forgery artifacts from both split and original
images, thereby better supporting token selection.
Comparison of different parameter-efficient finetuning
methods. In Tab. A, we compare our DFD-HR with other
popular PEFT methods. For fair comparison, all methods
are finetuned using learning rate of 1e − 4. For LNTun-
ing [24], all pre and post LayerNorms are finetuned. Bias-
Tuning [2] finetunes only the bias terms of the pre-trained
backbone. VPT-deep [8] inserts 5 prepend random ini-
tialized learnable tokens into the input of all Transformer
layers. SideTuning [27] trains a “side” AlexNet network
and linear interpolates between pretrained features and side-
tuned features before being fed into the head. Partial-k [25]
finetunes the last k layers of the backbone while freezing
the others. MLP-k utilizes a multilayer perceptron (MLP)
with k layers as classification head. Adapter [5] inserts
new MLP modules with residual connection inside Trans-
former layers. For LoRA Variants, we set the rank to 16 and
introduce additional learnable parameters into every linear
layer. All other settings follow default of the PEFT library.
Detailed ablations of proposed designs. In Tab.8 of the
manuscript, we carefully ablate our proposed designs. For
Multi-Scale Fusion, “SA Pooling” denotes using Self-
Attention pooling operation to aggregate local information
of split images. For Early Layer Pruning, “w.o. Gumbel”
uses soft routers during training while hard routers during
inference. Then, “w.i. Shared” uses the shared layer judges
across layers. “w.i. GAP” introduces global average pool-
ing of all tokens to layer judges instead of the [CLS] to-
ken. For Token Selection, “Learn.+Weight” denotes the
selection metric that uses the average ensemble of learnable
scores from token judges and cosine similarity with global
query from the original image.
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