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Abstract:

Aiming at the anti—fraud information identification, it conductes in—depth experimental research on fine—tuning techniques of
large language models (LLMs). It selectes three LLMs base models of different scales and employes two advanced fine—
tuning technologies, LoRA and p-tuning v2, to adapt to specific anti-fraud information identification tasks. Through
experimental evaluations across multiple dimensions, fine—tuning strategies not only significantly enhances the models'
performance in anti—fraud information identification, but also maintains the universality of the model to a certain extent.
Additionally, it explores the learning capabilities of LLMs under low—sample conditions and analyzes the resource consumption
under different fine—tuning strategies.
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Questions : <prompt>...<a paragraph of call
logs or messeges.>

Answers: According to the content above, 1
determine the content is a <type of scam>
scam.
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