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Abstract

Topic detection and tracking technology has been developing well with the development of infor-
mation processing technology and artificial intelligence technology. However, in practical applica-
tions, it is difficult to achieve good deployment due to the high demand for algorithm annotated
data and the large training cost. This article proposes a topic detection and tracking technology
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based on MS-Cluster and Prompt-Learning. The method performs topic aggregation through clus-
tering analysis and topic supplementation through prompt learning reasoning to complete the
topic detection and tracking process. The method was tested on a dataset of 13 topics, and it
showed good results in the case of zero-shot learning and few-shot learning, and it outperformed
other mainstream topic detection and tracking technologies in terms of accuracy and recall rate.
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Figure 1. Dataset topic distribution map
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Figure 2. Parameter adjustment effect
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Figure 4. Comparison of experimental results
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