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Noise Sensitivity in Learning to Rank
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(Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190, China)

Abstract: Learning to rank is one of the most attractive areas in information retrieval. Much attention has been paid
on the robustness of ranking algorithms to deal with noise which is inevitable in the training set. Previous work ob-
serves that ranking performance of the same algorithm showed totally different noise sensitivities. The performance
degradation of ranking models boils down to the training set. Thus the underlying reason for different sensitivities
lies in some attribute of training data. Experimental results on LETORS. 0 suggest that if the document pairs of the
same training set scatter more dispersedly, the model from this training set is less influenced by the error document
pairs and the training set is thus less sensitive to noise.
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