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Abstract

Recommendation systems have a prevalent
Cold-Start problem. The meaning of Cold-Start
is that systems do not understand the new user’s
preferences, systems are not to recommend the
music to users. In addition the new items are not
to rate by anyone, they will not to be
recommended. Although many recommendation
systems have a solution to reduce Cold-Start,
general systems utilize random to select songs.
For example systems random select some songs
to user so that systems will know user’s
preferences after they rated. But systems must
cost much time to collect information so that
they can recommend items to users. If systems
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select different type of music, they can quickly
know the user’s preferences. Therefore we will
reduce the Cold-Start, we utilize SOM to select
some songs from cluster. According to
experiment, SOM select type of music more
average than k-means and random. So SOM can
improve Cold-Start problem and increase the
precision.
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