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Abstract

This study explores text conversion to motion using large language models like the generative pre-
trained transformer (GPT) series and other artificial intelligence (Al) technologies like Large Language
Model Meta Al (LLaMA) and the T5 model. It analyzes the structure and functions of these models in detail,
comparing their effectiveness in generating motion videos. Various techniques like root mean square nor-
malization (RMSNorm) and absolute encoding were employed to identify the best method for text-to-motion
conversion. The findings indicate that the T5 model generates actions based on textual descriptions, especial-
ly in presenting critical motions and avoiding unnecessary movements, offering valuable insights for future
advancements in motion generation technology.
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2023-10-30 08:20:47,542 INFO FID. 6.704, conf. 0.018, Diversity. 9.257, conf. 0.062, TOP1. 0.374, conf. 0.005, TOP2. 0.554, conf. 0.004,
TOP3. 0.660, conf. 0.007, Matching. 3.816, conf. 0.021
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