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Figure 2. Accuracy of autotaggers for the top 50 tags in the Mechanical Turk and MajorMiner datasets. The autotaggers
were trained on raw and smoothed tags and tested on the raw, human generated tags. Error bars show 1 standard error.

We also found that different parts of the same song tend
to be described differently, especially as they get farther
from one another. By modeling these differences with a
conditional restricted Boltzmann machine, we were able
to recover false negative tags in the user-generated data
and use these data to more effectively train autotaggers,
especially in smaller datasets. In the future we will ex-
plore additional models of tag-tag similarity, joint tag-audio
models, and models of tagging that take into account the
relationships between clips' different distances from one
another.
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