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Abstract: The neural radiance field (NeRF) technology, which can learn the 3D implicit representation of a scene from a set of 2D images and
synthesize high—resolution and photo—realistic images of novel views, has aroused extensive research interest due to its vast application po-
tential. In order to solve NeRF’s problem of slow running speed, various acceleration technologies have been proposed in recent two years.
We review current acceleration technologies by categorizing and analyzing their technical mechanism and engineering skills. We also dis-
cuss directions for further acceleration. Our work will contribute to inspiring the invention of more efficient algorithms and promote NeRF’s
application in multiple fields including visual content generation and beyond.
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