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ABSTRACT made less timbre dependent by discarding the lower mel-
frequency cepstral coefficiensnd then projecting the

We investigate the problem of matching symbolic remaining coefficients onto the twelve chroma bins.
representations directly to audio based representations fohnother example can be found in [15] in which a binary
applications that use data from both domains. One suclthroma similarity measure is used for alignment in the
application is score alignment, which aligns a sequencecontext of cover song detection. In this work, we explore
of frames based on features such as chroma vectors andirious ways to derive good features and functions from
distance functions such as Euclidean distance. Goodeal data. We specifically look at the problem of score
representations are critical, yet current systems use adlignment directly from a MIDI representation to audio
hoc constructions such as the chromagram that have beemithout going through a synthesized version of the MIDI
shown to work quite well. We investigate ways to learn data. In this paper we give a formulation based on the
chromagram-like represetians that optimize the score alignment task; however, results should be
classification of “matching” vs. “non-matching” frame applicable to all other problems that require frame-based
pairs of audio and MIDI. New representations learnedcomparison. The goal of this work is to gain insight into
automatically from examples not only perform better thanwhy the chromagram works practice and to learn what
the chromagram representati but they also reveal modifications might make it work even better. Our results
interesting projection structures that differ distinctly from suggest that there is room for at least some improvement.
the traditional chromagram.

2. THE SCORE ALIGNMENT TASK

Our work is aimed at optimizing score alignment: finding
a mapping from a symbolic score or standard MIDI file
to an audio recording. The basic algorithm transforms
both the MIDI file and the audio file into chromagrafs

fand B, which are sequences of chroma vectors. We will

1. INTRODUCTION

Score alignment [4]score following [3] chord and key
recognition[6, 7] chorus spottingl, 8], audio-to-audio
alignment[9, 13] and music structure analyf#s 11] are
all tasks where it is useful to compare two segments o : .
. : A denote the chroma vector corresponding to théime
music. A common representation for this is the .
frame (column) ofA as A;. Then, construct a distance
chromagram[1], a sequence of chroma vectors, where atrix D;; = f(A,, By), wheref is a distance function. The
each vector typically has 12 elements and each elemeqrpea s tlﬁjaz s sl,;”na{II, wher is “similar” to B: and Ia'r o
represents the energy corresponding to one pitch class irgj ' ! ! 9

the spectrum but not necessarily one pitch class in thé’therW'Se' Often,f is based on the cosine distance,

score. Most algorithms use a distance function incorrelation distance, (Euclide_an distance fromi to .3‘
conjunction with the chromagram representation toThe next step uses dynamic programming to find the
measure the similarity between frames. While it may pelowest-cost path frormo,o 10 D01 wh.ere m and n are
obvious, especially in hindsight, why the chromagram the number of fff”‘mes In AndB_respectNer. .
works well in many applications, it should be noted that Path smoothing or cqnstralnts may b.e useful to obtain
the chromagram is a contrived representation, and there i ven more accurate alignment. Experience has shown
no reason to believe it should be optimal. Very little TNat the chro_magram repre_sentatlon for audio, and a
research has been conducted on alternative ways t8hromagram—l|ke represgntatlon forMI_DI ddy results
compare audio to audio let alone audio to symbolicIn avery robu_st score_allgnmgnt algorithm. However, the
representations. The existing approaches are generall hromagram is an arbitraghoice. There are many other

domain specific. For example, in [12] the chromagram is ossible features, including the spectrum and mel
cepstrum, and even the chromagram has parameters

including the range of spectral bins considered. How can
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