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Expert-ChatGLM, A language model for the precise matching of
technical problems and experts
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Abstract: In traditional ways, when companies hire experts in the field of technology, information screening is usually used such
as resumes. However, this method faces problems such as high homogeneity and difficulty in accurate matching. Therefore, it is
urgent to establish a model that can achieve precise matching between experts and corporate needs. In recent years, with the
development of artificial intelligence, many large language models have emerged, such as OpenAl’s ChatGPT, Stanford’s Alpaca,
and Tsinghua University “s ChatGLM - 6B. Although these models have achieved results in instructions and chatting, some
deficiencies still exist in accurate matching between experts and companies. Therefore, the paper proposes the language model
" Expert—ChatGLM" for the precise matching of expert and enterprise, which is fine—tuned on the collected expert knowledge graph
and the expert dialogue dataset. It can accurately understand the corporate needs and provide accurate expert information. This model
can improve the efficiency and quality of finding experts and has great development potential.
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Fig. 1 Flowchart of Expert—ChatGLM model training
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Table 1 Examples of companies consulting expert information in the expert information conversation dataset
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Fig. 2 LoRA fine—tuning process
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Fig. 3 Examples of conversations with Expert—ChatGLM and ChatGPT for expert information consultation
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