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Abstract: Addressing the escalating challenge of network complaint handling in the 5G era, driven by increasingly
complex network architectures and growing user bases, the aim is to solve the prevalent issue of few-shot intent recog-
nition for complaint categories with scarce samples. Traditional small-parameter natural language processing (NLP)
models exhibit insufficient generalization and suboptimal performance in such scenarios due to their heavy reliance
on data quantity and quality. While large language models (LLM) possess strong general semantic understanding,

their limited domain-specific knowledge in telecommunications and substantial computational demands hinder direct,
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efficient application to few-shot network complaint intent recognition. To precisely tackle this, an LLM-enhanced few-

shot intent recognition algorithm for network complaints was proposed. This innovative algorithm integrated the pow-

erful text generation capabilities of LLM with the efficient inference characteristics of small models. It leveraged

LLM to iteratively generate high-quality simulated training samples for few-shot categories, incorporating a small

model for quality evaluation and feedback to continuously optimize the sample generation process. This mechanism

significantly boosted small model training and specifically enhanced the recognition accuracy of few-shot complaint

intents. Test results on actual network complaint data demonstrated a 21% improvement in intent recognition accuracy

for 3 types of few-shot network complaints, and a 9% overall improvement in recognition accuracy across all 8 com-

plaint types.

Key words: large language model, few-shot learning, network complaint intent recognition
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