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feature value setd andthe pattern$® must be learned 6. SUMMARY AND IMPLICATIONS
to identify e.g.the most relevant set of chord symbols and
patterns for a given song, in line with human listening that
picks up regularities based on prior exposure without ac-
tually naming them [12]. These learning tasks are always

unsupervisedince training data annotated with all features . .
. . : community now focus on symbolic data. Yet, other strong
of Figure 1 will most probably never exist. Co . . .
o . i ) implications also arise regarding the need for a coordinated
The estimation of some hidden variables consists of Mar4fort and the de nition of MIREX tasks and data
ginalizingi.e. integrating the likelihood over the values of )
the other hidden variables [10]. This can be achieved using 2 ACKNOWLEDGMENT
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