Divide and Conquer: Reliable Multi-View Evidential Learning

for Deepfake Detection

Xiaolu Kang', Zhongyuan Wang'", Jikang Cheng?, Baojin Huang?® , Zhanhe Lei' , Gang Wu# , Qin Zou', Qian Wang’
'Wuhan University “?Peking University 3Huazhong Agricultural University 4Tarim University

ICML

International Conference
On Machine Learning

Method

Evidential Opinion Generation
7 - Dpi]liﬂ]ll T \

T =[5

Background Results

Multi-view Prior Extraction Geometric View Purification

Generalization remains challenging: Pty “
> Forgery techniques evolve faster than detector | (W=7 | — - _"zf{jzp
training data. | semmicvicn
> High-fidelity deepfakes hide artifacts behind @ H—ffm
realistic semantics. b | (Evdences
» Existing methods often overfit known patterns ‘** ™) ;m;'—w @J
and fail on unseen attacks.

Conflict-Aware Evidential Aggregation
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. Multi-view Prior Extraction: Extract Semantic View with a LoRA-
tuned CLIP encoder f,, a lightweight f-VAE reconstructs a manifold-
consistent feature f,,

. Geometric View Purification: Compute raw residual f.
then remove semantic leakage by f, = f.

purified Artifact View.
. Evidential Opinion Generation: Each view produces evidence E
= Softplus(WVfV + CY) and opinion TV = |b{’ b} u"], where b"is gl o '
belief and uV is uncertainty. e s
. Conflict-Aware Evidential Aggregation: Fuse opinions by
Dempster-Shafer theory T = T! @ T?; conflicting evidence increases
uncertainty for trustworthy Real/Fake decision.

Ablation Study

(b) Decision logic and fusion strategy.
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(b) Ours: Purified & Reliable
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(a) Baseline: Entangled & Brittle
» Existing detectors learn entangled features.
» Semantic Masking Effect hides subtle artifacts.
» Unseen fakes cause ambiguous uncertainty

Ortho Residual Feature Index
(b) After Orthogonalizatio

Res dual Feature Index
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(a) Architectural mechanisms.

and unreliable boundaries.

Contributions

» Divide: decouple Semantic View and Artifact
View via Geometric View Purification.

» Conquer: fuse both views with Uncertainty-
Aware Evidential Learning.

» Benefit: reduces Semantic Masking Effect,
captures epistemic conflict, and improves
generalization.

Variant | View Comp. ‘ Ortho. | CDFv2 | DFDC | MFS | Avg.

(B) fs+ fs 0.954 0.867 | 0.929 | 0.917
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(C) fs+ fr 0.956 0.860 | 0.951 | 0.922
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(c) Alignment and KL-divergence losses.
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(e) Calibration (ECE) |
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(d) Backbones and pre-training.
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(/) Efficiency comparison

Method GFLOPs Time (ms/f) FPS

Effort 103.893 22.71 44.04
GenD 155.634 17.98 55.61
Ours 156.080 21.11 47.37

[ !;’ All components contribute to stronger generalization and reliability. ]
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