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[ Abstract] Deep learning has achieved significant success in computer vision and speech signal processing.
However, its rapid development of deep learning has had'negative effects. Many types of fake videos and voices are
flooding the Internet. Some criminals use deep learning technology to replace the face in original video, edit facial
attributes, and synthesize or clone the speaker’s voice. Criminals can cause social unrest and chaos by producing
pornographic videos, fake news, and political rumors, which threaten personal interests and national security.
Many scholars have proposed solutions to. eliminate these negative effects. Early forgeries focused primarily on
single-modal forgeries. Therefore, most current solutions focus on single-modal counterfeit detection and fail to
fully consider the intrinsic relationship between audio and video. Existing single-modal detection methods often
exhibit suboptimal performance when both audio and video are forged. Recently, with the increase in research,
some scholars have begun to explore the use of multimodal models for counterfeit detection and have achieved
remarkable results. This survey reviews video and voice forgery and detection technologies, collects and sorts
voice, audio, and video forgery datasets, and summarizes multimodal counterfeit detection methods. Finally, the
existing problems and future research directions of the current detection technology are analyzed.
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