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Abstract In the privacy-preserving data mining, it is a possible scenario to approximate learn-
ing on a private database with a published database. The importance weighting mechanism,
which approach the scenario with the privacy notion called Differential Privacy, is a differentially
private extension of the importance estimation method called the Probabilistic Classification
method. Meanwhile, another importance estimation method, the Least-squares Importance Fit-
ting method called uLLSIF, is already known as a more computationally efficient and accurate

method. This paper proposes a differentially private uLSIF.
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