
feature value setsV� andthe patternsP� must be learned
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
unsupervisedsince training data annotated with all features
of Figure 1 will most probably never exist.

The estimation of some hidden variables consists of mar-
ginalizing i.e. integrating the likelihood over the values of
the other hidden variables [10]. This can be achieved using
the modular sum-product and max-productjunction tree
algorithms[10] that generalize the classical Baum-Welch
and Viterbi algorithms for HMMs. The considered objec-
tive is often the maximization of the posterior distribution
of the inferred variables given the data. Although this Max-
imum A Posteriori (MAP) objective may be used for unsu-
pervised learning of the model parameters (i.e.conditional
probabilities) [8], it cannot infer the model order (i.e.the
dimension, the value set and the parents of each feature).
Unsupervised pruning of feature dependencies would also
considerably accelerate the speed of the junction tree algo-
rithm, that is exponential in the number of dependencies,
and make it possible to match the available computational
power in an optimal fashion. Suitablemodel selectioncri-
teria and algorithms are hence of utmost importance.

Automatic Relevance Determination(ARD) and several
other popular model selection techniques employ prior dis-
tributions over the model parameters favoring small model
orders [7]. The alternativevariational Bayesian inference
technique [10] selects the model with highest marginal prob-
ability by integrating the posterior distribution of all hid-
den variables. This technique also provides an approxima-
tion of the posterior distribution of all hidden variables as
a by-product. This increases the meaningfulness and in-
terpretability of the results compared to the estimation of
the MAP variable values only, at the cost of higher compu-
tational complexity. Again, we believe that advances will
eventually be achieved by combining these approaches.

The choice of algorithms will guide that of feature for-
mats. Ef�cient graph formatsexist for the representation
of posterior distributions of symbolic feature sequences
[6], but they must yet be extended toe.g.polyphonic note
sequences. More generally, the high dimensionality of all
features will necessitatecompressed feature formats.

5. MULTI-FEATURE ANNOTATED DATABASE

Finally, although the development of a database annotated
with all features of Figure 1 appears infeasible, some multi-
feature annotated data will nevertheless be needed to ini-
tialize and evaluate the unsupervised learning process. This
implies strong community coordination to push current an-
notation efforts towards the same data and bridge the cul-
tural gap between experts of different music styles. Also,
this advocates for the evaluation ofconditional feature es-
timation tasks within MIREX, where some other features
would be known, as opposed to the current full-�edged es-
timation tasks, where only audio or MIDI are given.

6. SUMMARY AND IMPLICATIONS

We provided a feasible roadmap towards a complete MIR
system, emphasizing challenges such as scalable parame-
terization and unsupervised model selection. As recom-
mended in [1], this implies that most efforts in the MIR
community now focus on symbolic data. Yet, other strong
implications also arise regarding the need for a coordinated
effort and the de�nition of MIREX tasks and data.
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