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Abstract
Music alignment is the association of events in a score with
points in the time axis of an audio signal. The signal is thus
segmented according to the events in the score. We propose a
new methodology for automatic alignment based on dynamic
time warping, where the spectral peak structure is used to
compute the local distance, enhanced by a model of attacks
and of silence. The methodology can cope with performances
considered difficult to align, like polyphonic music, trills, fast
sequences, or multi-instrument music. An optimisation of the
representation of the alignment path makes the method appli-
cable to long sound files, so that unit databases can be fully
automatically segmented and labeled. On 708 sequences of
synthesised music, we achieved an average offset of 25 ms and
an error rate of 2.5%.

1 Introduction
Music alignment is the association of events in a musical

score (in our case, notes) with points in the time axis of an au-
dio signal. The signal is a digital recording of the score being
played by musicians and is referred to as the performance. An
alignment implies a segmentation of the performance accord-
ing to the events in the score.

We propose a new methodology for automatic alignment
based on dynamic time warping (DTW). The spectral peak
structure is used as the main feature for computing the lo-
cal distance between frames of the performance and elements
in the score. Additional features model silences and note at-
tacks. The methodology can cope with polyphonic and multi-
instrument performances as well as with performances where
fast sequences or trills are present. Normally, blind segmenta-
tion methods (Rossignol 2000), which only use the informa-
tion from the audio signal, are not very accurate with these
kinds of performances.

1.1 Applications

A great part of the research in computer science is devoted
to the automation of processes carried out by humans. Auto-
matic processes are particularly useful in a number of situa-
tions. For instance, the segmentation of a large collection of

recordings, which may last several hours, can not feasibly be
done manually because of the large amount of data. The same
situation applies for difficult signals (i.e., fast sequences of
notes with legato) where manual segmentation may be tedious
or imprecise.

Automatic alignment of music sequences has a number of
applications, the most important being:

1. Segmentation of a performance into notes and labeling
(tagging) of the notes with the information from the score for
building unit databases (Schwarz 2000). Along with the note
pitch and length, there can be additional symbolic information
attached to the score, such as dynamics, articulation, or lyrics.

2. Comparison of different performances for musicologi-
cal research, for instance aimed at the study of the expressive
parameters related to timing.

3. Indexing of continuous media through segmentation
for content-based retrieval. The total alignment cost between
pairs of documents can be considered as a distance measure
(as in early works on speech recognition), allowing to find the
best matching documents from a database.

Alignment is related to the problem of real-time synchro-
nisation between performers and computers, usually called
score following, when additional constraints of low-latency
and only local knowledge of the performance are introduced.
Off-line alignment can be used as a bootstrap procedure for
the training of real-time statistical models.

1.2 Previous Work

Automatic alignment of sequences has been a popular re-
search topic in many fields, such as string analysis, molecu-
lar biology, and notably speech recognition. The literature is
considerably vast, and we only mention two comprehensive
overviews on the different approaches in speech recognition
(Rabiner and Juang 1993) and in biological sequence analysis
(Durbin et al. 1998).

An interesting work on music alignment is (Raphael
1999). Alignment is computed through the use of a hidden
Markov model (HMM), and can be performed both on-line
for score following, which is the primary goal, and off-line
for segmentation. HMMs can be seen as an appealing al-
ternative to DTW, in particular because they can be trained.
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because it was a bell whose inharmonic spectrum is not mod-
eled by our technique. The results for the octave-mismatched
score were encouraging, but the robustness on octave devia-
tions has still to be extensively tested. As we expected, our
technique is not very suitable for the performances with re-
peated pitch, because the peak structure does not change be-
tween notes. The technique needs to be improved by using
other features for dealing with this special case.

In the following sections we present the quantitative ana-
lyses on the remaining 480 examples.

3.1 Error Rate

We considered an error an alignment mark more than
200 ms off of the expected performance position. Of all the
files, only 9.4% had erroneous marks at all (11.9% without
the attack and silence modeling). For monophonic perfor-
mances, this rate drops to 2.5%. The percentage of alignment
errors over all marks in all performances is 2.5% (0.42% for
the monophonic, 3.6% for the polyphonic performances).

The error rate is lowest for the middle octave, and drops
with the introduction of longer pauses. However, for the stac-
cato playing style, we noticed a small increase of the error rate.
The same effect was noticed when only the PSD was used.

3.2 Offset

A more detailed parameter is the average offset (i.e. the
absolute distance between the expected and found alignment
mark) on non erroneous marks.

As can be seen in table 1, there is a decrease of the offset
for higher octaves, due to the larger window size needed to
resolve low frequency spectral peaks. Moreover, the offset
generally decreases with longer pauses, with the exception of
the lowest octave.

mono low mid high avg
l 44 33 26 34
d 20 16 8 15
p 35 11 8 18
s 37 10 9 19
avg 34 18 13 23

poly low mid high avg
l 58 36 35 43
d 26 18 15 20
p 33 13 7 18
s 35 10 9 18
avg 38 19 16 26

Table 1: Average offset in ms depending on articulation and oc-
tave, for monophonic and polyphonic scores.

Regarding the comparatively high offsets for legato artic-
ulation, listening to the found segments revealed that the al-
gorithm chose to place the note onset where the overlapping
partials of the previous note had sufficiently died down, which
is actually better suitable for the application of building unit
databases.

When the alignment is computed without the attack and
silence modeling, the average offset is 31 ms, which if com-
pared to the total average of the complete modeling of 25 ms,
justifies its higher complexity.

4 Conclusions and Future Work
Our method can cope with difficult signals, such as poly-

phonic music, multi-instrument music, trills, vibrato, and very
fast sequences.

One fundamental problem restricts the choice of features
for alignment: It is difficult to generate good expected val-
ues from the score that match the feature values of the perfor-
mance. This is due to problems of scaling and normalization,
and, more difficultly, to the need of a model of the instrument
and the performer, see (Dannenberg and Derenyi 1998).

High-quality automatic alignment will be used for con-
catenative sound synthesis based on unit selection (Schwarz
2000). The necessary unit databases are prepared by our
alignment method by segmenting and labeling classical music
recordings for which scores in the form of MIDI files exist.

The accuracy of the alignment is limited by the hopsize
and suffers from an incertainity within the window. For stac-
cato performances, we can significantly improve the offset by
reanalysing the found frame with a simple but precise energy-
based onset detector. For other performances, the accuracy
will not be affected.

We are currently working on a totally automatic system,
which uses MIDI files as reference scores and a database of
recordings. To this end, we will develop a technique for the
automatic scaling of the system parameters, based on a pre-
processing of the performances. The preprocessing will give
information about the general features of the recordings, like
range of amplitudes for the modeling of silence and potential
peak position for the tuning of the filter banks.
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