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Abstract: In view of the problem that current deepfake detection methods exhibit insufficient performance in identifying
high-fidelity forgeries and limited cross-domain generalization, a detection approach based on multimodal fusion and
block attention enhancement was developed. The method integrated fine-grained feature analysis with video semantic con-
sistency verification to establish an efficient multimodal framework capable of capturing subtle generation artifacts with
high precision. A block attention analysis module was incorporated to improve generalization performance across hetero-
geneous data domains and varied attack scenarios. Experimental evaluations demonstrated that the proposed approach
achieved significantly superior performance compared with mainstream open-source methods in both adversarial sample
detection and deepfake detection tasks. The approach offers an effective and reliable solution for accurately identifying
complex and diverse forged videos.
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