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Markov Random Fields Applied to Key Finding, Automatic
Harmonization and Automatic Counterpoint

RyuicHI YONEDA," TAKUYA NISHIMOTO! and SHIGEKI SAGAYAMA f

This paper describes a Markov random field approach for labeling tasks such as key finding,
automatic harmonization, and automatic counterpoint. Most of our previous work deal with
these labeling problems using Markov models, and hidden Markov models as a generative
model, analogous to language models of automatic speech recognition. This work follows our
previous probabilistic approach. 1-dimensional Markov chain, however, cat not model large
musical context like scores and SMFs(standard MIDI files) which have rich information in that
chords and melodies spread 2-dimesionally. Thus the ability of dealing with large context is
crutial in music modeling. Markov random field is a kind of undirected graphical models in
which edges are regarded as relevances between nodes. The design of edges (feature functions)
corresponds to our music knowledge in which nodes (symbols) have relevances with each other.
Markov random field is also called as conditional random fields(CRFs) in that all possible out-
put sequences have conditional probabilites given an input sequence. In other words, CRFs is
a discriminative model. Although the proposed model can be applied to many purposes, this
paper describes the approaches to five tasks: counterpoint, harmonization, dominant chunk
detection, harmony analysis, and key finding. Other possible applications include rhythm
recognition, musical parsing, and music information retrieval.
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