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Abstract

Large language models have demonstrated strong semantic understanding and text generation
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capabilities in e-commerce customer service scenarios, offering a new technical path for automated
customer service. However, existing research mainly relies on text similarity metrics such as BLEU
and ROUGE to evaluate model performance, which are inadequate in effectively reflecting the cor-
rectness of business rules and the completeness of knowledge in e-commerce customer service re-
sponses. To address these issues, this paper proposes two specialized evaluation metrics for e-com-
merce knowledge question-answering tasks: Knowledge Component Accuracy (KCA) and Knowledge
Component Recall (KCR). KCA measures the accuracy of knowledge components in model responses,
while KCR assesses the coverage of key business knowledge in model responses. Through experi-
mental analysis of multiple mainstream large language models on e-commerce customer service ques-
tion-answering tasks, the results show that the metrics proposed in this paper can more accurately
reflect the models’ capabilities in e-commerce knowledge understanding and business rule expres-
sion compared to traditional text evaluation metrics, providing a scientific basis for the evaluation
and optimization of intelligent customer service systems in e-commerce platforms.
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Table 1. Examples of business knowledge errors
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Table 2. Business rule errors
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Figure 1. Model evaluation flowchart
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Figure 2. Prompt template for semantic parsing and knowledge
element extraction of large models
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Table 3. Experimental scores
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