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Digital music is now a must media for the daily entertainment. However, it is
tedious to find the exact music/audio files in a huge multimedia database. In the past
ten years, Hidden Markov Model and Mel-Frequency Cesptral Coefficients have been
used to analyze music and audio other than just for speech with limited success. In
this paper, new approaches such as Learning Theory and Support Vector Machines
for the decision scheme regarding the retrieval of music/audio will be reviewed.
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