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Abstract; In the face of the complex situation

derstanding and precise capture of commanders’

Existing intent recognition methods typiga

and performs poorly in recognizing n
large language models ( LLMs)

struction-following abilities o

vaarf&re, accurate intent recognition technology can achieve efficient un-
s, thereby enhancing the accuracy and agility of military decision-making.
req@ire large amounts of manually annotated data for training, which incurs high costs
nts. To address these issues, this paper proposes an innovative solution based on
in-context learning capability. By leveraging the general language understanding and in-

the proposed approach can accomplish both known intent recognition and novel intent discov-

ery tasks using only a small number of examples without requiring additional training, thus offering a new and efficient solution for

intent recognition.
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