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Research of Web search ranking model
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[ Abstract] Since the development of the Internet, search engines have played an indispensable role in people’s lives. Web search
ranking is very important for search engines. Optimizing Web ranking can save users a lot of time to identify information and get
satisfactory results. Nowadays, learning to rank, which is based on statistical ranking methods, is widely used in Web ranking of

various search engines. It could combine various document features and deeply understand the documents, thus rank the documents
effectively. This paper mainly studies various ranking models based on learning to rank, and explores the effective representation

method of documents. It aims to obtain better ranking results through comparative experiments.
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Tab. 3 The results based on different document representations
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