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In this paper, we propose a model for predicting the conversion rate (CVR) in online advertising. Some of
the issues encountered in CVR prediction include 1) the sparsity of categorical features in the collected data and
2) the lag between when the user clicks the ad and takes any following actions. Our proposed model addresses
these problems by modeling factorized interactions and conversion delay. We demonstrate the effectiveness of our

proposed model with experiments using real traffic logs.
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3. Delayed Feedback Model
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4.1 Delayed Feedback Factorization Machines
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