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EXPERIMENTS

e Comparisons with baselines on a standard evaluation (%), where we train all models with
10, 000 real and generated videos from Kinetics-400 and Pika, respectively.

EXPLORING NSG FOR DETECTING AI-GENERATED VIDEOS

BACKGROUND

Al-generated videos have achieved near-perfect visual realism, urgently necessitating reliable
detector. However, detecting such videos faces challenges in modeling high-dimensional
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At | (6) experiments validate the superiority of our NSG-VD in detecting advanced generated videos.



