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[Abstract]

Similarity computation is very crucial to performance of memory-based collaborative filtering systems.
These systems make use of user ratings to recommend products to customers in online commercial
sites. For better recommendation, most similar users to the active user need to be selected for their
references. There have been numerous similarity measures developed in literature, most of which suffer
from data sparsity or cold start problems. This paper intends to extract preference information as much
as possible from user ratings to compute more reliable similarity even in a sparse data condition, as
compared to previous similarity measures. We propose a new similarity measure which relies not only
on user ratings but also on movie genre information provided by the dataset. Performance experiments
of the proposed measure and previous relevant measures are conducted to investigate their performance.
As a result, it is found that the proposed measure yields better or comparable achievements in terms of

major performance metrics.

» Key words: Collaborative Filtering, Recommmender System, Similarity Measure, Data Sparsity Problem,
Cold-start problem
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I. Introduction
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II. Related Works
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III. The Proposed Scheme
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2. Genre Similarity
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Table 1. Illustration of relative genre frequency
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IV. Performance Experiments

1. Experimental Background
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Performance of GPSIM=COR with varying alphas.
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V. Conclusions
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