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. , . NN 5 The combination of different kinds of collaborative filtering algorithms leads to significant
We want to minimize the quaratic prediction error: RMSFE = \/ ~ Di—1 () — 5) . o .

. performance improvements over individual algorithms.
X=train set, y=targets, {)(x)=prediction model, N=#samples

Abstract

We analyze the application of ensemble learning to recommender systems on the Netflix Prize
dataset. For our analysis we use a set of diverse state-of-the-art collaborative filtering (CF)
algorithms, which include: SVD, Neighborhood Based Approaches, Restricted Boltzmann

Machine, Asymmetric Factor Model and Global Effects. We show that linearly combining Linear Reoression (B aseline RMSE —0.8752 5)
(blending) a set of CF algorithms increases the accuracy and outperforms any single CF Linear Regression S plest '
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