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ABSTRACT

pyAMPACT (Python-based Automatic Music Performance
Analysis and Comparison Toolkit) links symbolic and au-
dio music representations to facilitate score-informed es-
timation of performance data from audio. It can read a
range of symbolic formats and can output note-linked au-
dio descriptors/performance data into MEI-formatted files.
pyAMPACT uses score alignment to calculate time-freq-
uency regions of importance for each note in the symbolic
representation from which it estimates a range of param-
eters from the corresponding audio. These include frame-
wise and note-level tuning-, dynamics-, and timbre-related
performance descriptors, with timing-related information
available from the score alignment. Beyond performance
data estimation, pyAMPACT also facilitates multi-modal
investigations through its infrastructure for linking sym-
bolic representations and annotations to audio.

1. INTRODUCTION

pyAMPACT uses score-audio alignment to facilitate ex-
pressive performance modeling. Although this approach
requires a score, it provides more robust estimates of on-
sets and offsets than automatic transcription methods. Al-
though there have recently been significant improvements
in the accuracy of automatic transcription, largely due to
advances in deep-learning architecture, accuracy on this
task is still limited [1, 2]. Symbolic representations also
contain additional information that can also be difficult to
accurately estimate solely from the audio signal, including
meter and note spellings, which is useful for musicologi-
cal analysis of performance data. Beyond expressive per-
formance, pyAMPACT’s tools for linking symbolic and au-
dio representations are useful for multi-modal processing
of audio and score-based representations with annotations
and other types of human-generated data. pyAMPACT is
based on AMPACT, a MATLAB-based toolkit originally
released in 2011 [3, 4]. It is not simply a Python-based
re-implementation of AMPACT, but rather a complete re-
design that connects to and extends the functionality of
an array of other open-source music analysis tools, most
notably librosa [5] and music21 [6]. It also moves away
from the proprietary nature of MATLAB while building on
the signal-processing algorithms integrated into AMPACT
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[7, 8, 9, 10]. pyAMPACT is also able to read a range of an-
notation encoding formats, including Dezrann [11], Hum-
drum’s analytic spines [12], and CRIM intervals [13]).
It can also visualize both score and performance data in
Verovio [14].

In this paper, we first contextualize pyAMPACTwithin re-
lated work on score-audio alignment, performance data es-
timation, and multi-modal processing (Section 2). We then
present an overview of pyAMPACT’s workflow (Section 3)
before detailing its symbolic importing (Section 4), audio
processing (Section 5), and symbolic exporting (Section
6) functionality, as well as its documentation and tutorials
(Section 7). We conclude with a summary of pyAMPACT
and a discussion of future directions (Section 8).

2. RELATED WORK

Estimation of performance parameters from polyphonic
audio requires accurate extraction of frequency and power
information for each note’s fundamental frequency and all
of its partials. While deep-learning approaches in the poly-
phonic note-transcription have improved the state-of-the-
art, there remains a performance ceiling for both note event
detection and f0 accuracy [1, 2]. An alternative, which
has been explored since the 1990s [15], is to use score-
audio alignment to inform the estimation of performance
parameters. Standard algorithms estimate a single time
point estimate for the start of each notated simultaneity
[16, 17] while some algorithms estimate onset and offset
for each note in a notated simultaneity [18, 19, 20]. As
with most other MIR tasks, deep-learning approaches have
been applied to score-audio alignment [21, 22], including
work with the goal of improving multi-pitch estimation
with weakly aligned scores [23].

Performance parameter estimation is valuable for expres-
sive performance modeling, which traditionally has been
done for the purposes of both analysis and generation
[24, 25, 26]. Work on expressive performance is still
largely focused on the piano [27, 28, 29], although the
voice and other instruments are increasingly being studied
[30, 31, 32, 33]. Some recent work on performance pa-
rameter estimation through score-audio alignment has also
examined the use case of detecting errors in performance,
both to improve the score-audio alignment accuracy [34, ?]
and to assess performance [35, 36]. Score-audio alignment
has also been leveraged for multi-modal processing [37]
and producing large-scale multi-modal datasets themselves
[38, 39, 40]. This helps to address the data paucity issue
facing multi-modal processing [41].
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Figure 1. Overview of pyAMPACT’s workflow.

3. OVERVIEW OF PYAMPACT’S WORKFLOW

Figure 1 provides an overview of pyAMPACT’s workflow.
Symbolic data (’Score’) along with any time-aligned an-
notations are imported and stored in a series of Pandas
DataFrames (including a ’Note Data Table’). The score-
based events in the DataFrames are linked to the origi-
nal symbolic representation. This allows for the analysis
and export of the estimated performance data. The score
data stored in the ’Note Data Table’ is converted into a
spectrogram-like mask (’Note Mask’) to facilitate align-
ment with the imported audio. The ’Alignment Algorithm’
calculates a mapping between each note in the symbolic
representation and specific time-frequency regions in the
audio spectrogram (’Aligned Representations’). The align-
ment is currently performed by the DTW-based algorithm
used in AMPACT, we plan to make this extensible, so other
alignment algorithms can be used. The timing information
in the ’Note Data Table’ is updated with the timing esti-
mates from the alignment stored in the ’Aligned Represen-
tations’. The note-wise time-frequency regions estimated
through the alignment process are used to estimate tuning-
, dynamics-, and timbre-related performance parameters
(’Performance Analysis’). The estimated frame- and note-
level performance parameters are also stored in the ’Note
Data Table’, which facilitates the analysis of the perfor-
mance data in relation to symbolic data and any linked an-
notations. The performance data in the ’Note Data Table’
can either be analyzed within Python or exported into a
standard encoding format (i.e., MEI) linked with the sym-
bolic events in the original imported symbolic data (’Out-
put Encoding’) for analysis in other coding environments.

4. IMPORTING SYMBOLIC DATA

pyAMPACT imports scores through an exposed music21
score object representation, allowing it to leverage mu-
sic21 support all major symbolic notation file types (e.g.,
Humdrum **kern, MEI, MIDI, and MusicXML), as well
as less commonly used ones (e.g., ABC, TinyNotation, and
Volpiano). This is an expansion of file formats from the
original AMPACT, which only supports MIDI files.

Symbolic data is accessible through pyAMPACT’s Score
class, which encodes the following information for each
note in the symbolic representation: XML ID (for linking
to imported score data), measure number, onset and dura-
tion in beats (measured from the beginning of the piece),
part number, MIDI note number, and onset and offset times
in seconds. The onset and offset times are originally popu-
lated with a placeholder value based on 60 bpm. These val-
ues are subsequently updated by the alignment algorithm
with times from the aligned audio file.

To calculate accurate durations from the imported file,
it is first converted to a temporary MIDI file and parsed
by track. Each track’s messages are processed, with types
read for tempo, note-on, note-off, and end-of-track events.
If tempo information is defined in the source file, it is used
throughout; otherwise, a default of 60 BPM is assigned.
Note-on and note-off messages with a velocity greater than
0 (to ignore rests) are captured and used to calculate the
start and end times of each note, based on pulses per quar-
ter note (PPQN) 1 .

1 Start time is calculated using start time = current tempo
/ (1 000 000 * ppqn), where the tempo is converted to microsec-
onds to determine the pulses. These calculations are cumulatively
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{0.0} <music21.metadata.Metadata object at 0x7b5e2a866080>
{0.0} <music21.stream.Part spine_3>
    {0.0} <music21.humdrum.spineParser.MiscTandem **kern>
    {0.0} <music21.humdrum.spineParser.MiscTandem:[SOPRANO]*I:[SOPRANO]>
    {0.0} <music21.stream.Measure 1 offset=0.0>
        {0.0} <music21.clef.TrebleClef>
        {0.0} <music21.key.KeySignature of no sharps or flats>
        {0.0} <music21.key.Key of a minor>
        {0.0} <music21.note.Note D>
        {1.0} <music21.bar.Barline type=final>
    {1.0} <music21.humdrum.spineParser.MiscTandem *-!!!RWG:>
{0.0} <music21.stream.Part spine_2>
    {0.0} <music21.humdrum.spineParser.MiscTandem **kern>
    {0.0} <music21.humdrum.spineParser.MiscTandem:[ALTO]>
    {0.0} <music21.stream.Measure 1 offset=0.0>
        {0.0} <music21.clef.TrebleClef>
        {0.0} <music21.key.KeySignature of no sharps or flats>
        {0.0} <music21.key.Key of a minor>
        {0.0} <music21.note.Note A>
        {1.0} <music21.bar.Barline type=final>
{0.0} <music21.stream.Part spine_1>
    {0.0} <music21.humdrum.spineParser.MiscTandem **kern>
    {0.0} <music21.humdrum.spineParser.MiscTandem:[TENORE]>
    {0.0} <music21.stream.Measure 1 offset=0.0>
        {0.0} <music21.clef.Treble8vbClef>
        {0.0} <music21.key.KeySignature of no sharps or flats>
        {0.0} <music21.key.Key of a minor>
        {0.0} <music21.note.Note F>
        {1.0} <music21.bar.Barline type=final>
{0.0} <music21.stream.Part spine_0>
    {0.0} <music21.humdrum.spineParser.MiscTandem **kern>
    {0.0} <music21.humdrum.spineParser.MiscTandem:[BASSO]>
    {0.0} <music21.stream.Measure 1 offset=0.0>
        {0.0} <music21.clef.BassClef>
        {0.0} <music21.key.KeySignature of no sharps or flats>
        {0.0} <music21.key.Key of a minor>
        {0.0} <music21.note.Note D>
        {1.0} <music21.bar.Barline type=final>

Time Part-1 Part-2 Part-3 Part-4

0.0 D4 A3 F3 D3

Time Part-1 Part-2 Part-3 Part-4

0.0 1.0 1.0 1.0 1.0

Time Part-1 Part-2 Part-3 Part-4

0.0 135644370963904 135644370966592 135644370969232 135644370971872

Time Part-1 Part-1_1 Part-2 Part-2_1

0.0 D4 A3 F3 D3

Time Part-1 Part-1_1 Part-2 Part-2_1

0.0 1.0 1.0 1.0 1.0

Time Part-1 Part-1_1 Part-2 Part-2_1

0.0 135644370599840 135644370593840 135644370974992 135644370975136

{0.0} <music21.metadata.Metadata object at 0x7b5e2aa2b760>
{0.0} <music21.stream.Part spine_1>
    {0.0} <music21.stream.Measure 1 offset=0.0>
        {0.0} <music21.stream.Voice 0x7b5e2a8647c0>
            {0.0} <music21.note.Note D>
        {0.0} <music21.stream.Voice 0x7b5e2a867f70>
            {0.0} <music21.note.Note A>
        {0.0} <music21.clef.TrebleClef>
        {0.0} <music21.key.KeySignature of no sharps or flats>
        {0.0} <music21.key.Key of a minor>
    {0.0} <music21.humdrum.spineParser.MiscTandem **kern>
    {0.0} <music21.humdrum.spineParser.MiscTandem:[SOPRANO]>
    {1.0} <music21.humdrum.spineParser.MiscTandem *-!!!RWG:>
{0.0} <music21.stream.Part spine_0>
    {0.0} <music21.stream.Measure 1 offset=0.0>
        {0.0} <music21.stream.Voice 0x7b5e2a8c38e0>
            {0.0} <music21.note.Note F>
        {0.0} <music21.stream.Voice 0x7b5e2a8c3970>
            {0.0} <music21.note.Note D>
        {0.0} <music21.clef.BassClef>
        {0.0} <music21.key.KeySignature of no sharps or flats>
        {0.0} <music21.key.Key of a minor>
    {0.0} <music21.humdrum.spineParser.MiscTandem **kern>
    {0.0} <music21.humdrum.spineParser.MiscTandem:[BASSO]>

Time Part-1 Part-1:1 Part-2 Part-2:1

0.0 D4 A3 F3 D3

Time Part-1 Part-1:1 Part-2 Part-2:1

0.0 1.0 1.0 1.0 1.0

Time Part-1 Part-1:1 Part-2 Part-2:1

0.0 135644370906336135644370906240 135644370903840 135644370903888

{0.0} <music21.metadata.Metadata object at 0x7b5e2ac529b0>
{0.0} <music21.stream.Part spine_1>
    {0.0} <music21.stream.Measure 1 offset=0.0>
        {0.0} <music21.clef.TrebleClef>
        {0.0} <music21.key.KeySignature of no sharps or flats>
        {0.0} <music21.key.Key of a minor>
        {0.0} <music21.chord.Chord D4 A3>
    {0.0} <music21.humdrum.spineParser.MiscTandem **kern>
    {0.0} <music21.humdrum.spineParser.MiscTandem:[SOPRANO]>
    {1.0} <music21.humdrum.spineParser.MiscTandem *-!!!RWG:>
{0.0} <music21.stream.Part spine_0>
    {0.0} <music21.stream.Measure 1 offset=0.0>
        {0.0} <music21.clef.BassClef>
        {0.0} <music21.key.KeySignature of no sharps or flats>
        {0.0} <music21.key.Key of a minor>
        {0.0} <music21.chord.Chord F3 D3>
    {0.0} <music21.humdrum.spineParser.MiscTandem **kern>
    {0.0} <music21.humdrum.spineParser.MiscTandem:[BASSO]>
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Figure 2. Musical score data (upper row) represented in DataFrames by pyAMPACT (middle row) and as trees by music21. Subplot (a) shows a chord
voiced as 4 separate voices, each in their own staves. Subplot (b) shows the same chord voiced as 4 separate voices, grouped into two staves. Subplot (c)
shows the same chord with the notes in a single voice in each of the two staves.

When importing symbolic files, pyAMPACT converts
music21’s stream-based representation of score data in
Python lists to a tabular representation. Specifically as
Pandas DataFrames which allows users to interact with
the core pyAMPACT symbolic representation in a stan-
dardized way. In these DataFrames, the music21 sym-
bolic note data is simplified to events and timings: score
components are represented as columns and score time
as rows, with score time measured in music21 offsets
(where an eighth note is 0.5, a quarter note 1, a half note 2,
etc.) 2 Separate nmat DataFrames are generated for each
audio file aligned to a symbolic representation and popu-
lated with estimated performance data. Figure 2 shows the
compactness of the DataFrame-based representation used
in pyAMPACT versus the tree-based stream representation
used in music21, particularly across different voicings of
the musical material.

The Score object has several methods which output dif-
ferent representations of the data in the symbolic nota-
tion file, including a piano roll, a note data table (nmat)
and a spectrogram-like mask (verb—mask—). The note
data table, or note matrix, (nmat) DataFrame is based
on the representation in the MIDI Toolbox [42]. The
mask DataFrame, based on Dan Ellis’ alignmidiwav

added to determine the ONSET SEC time of each note. Similarly, the
note-off messages follow the same process to calculate the end time
(OFFSET SEC). Finally, the duration of each note is determined as
DURATION = OFFSET SEC - ONSET SEC.

2 This basic format, with score parts on the x-axis and time on the
y-axis, is similar to Humdrum kern. However, unlike Humdrum kern
where notes, measures, and time signatures are all in one place, each
cell in a pyAMPACT DataFrame typically corresponds to a single type of
information.

code [43], provides a spectrogram-like representation of
the symbolic data to align with a spectrogram of an au-
dio recording. In addition to facilitating the audio-score
alignment necessary for estimating performance parame-
ters within pyAMPACT, the alignment of the score and au-
dio representations generated by pyAMPACT is useful for
multi-modal processing more generally.

4.1 Multi-modal Processing

The representations shown in Figure 2 are some of the
possible time-aligned representations in pyAMPACT. The
symbolic and spectrogram representations at the top of the
figure are produced from the input score and audio repre-
sentations. The lower part of the figure shows the piano
roll (pianoroll), Roman numeral, pop chord, and har-
monic function representations, a spectrogram-like mask
of the symbolic representation (as shown in Figure 1) is
also available. This is facilitated by pyAMPACT’s support
for importing aligned analytic annotations from a range of
established formats (including Humdrum and Dezrann).

The Humdrum ecosystem includes numerous established
and highly capable analytical methods with results en-
coded in a variety of spine types. pyAMPACT can di-
rectly read in several Humdrum spine types ( **harm,
**chord, and **function) and offers a generalized
solution for importing any user-defined spine type found
in a Humdrum **kern file. This allows users to take
a working Humdrum analysis workflow, and import its
output into pyAMPACT where it is possible to engage
with audio analysis or other symbolic analysis available
in pyAMPACT. Analytic annotations from .dez files are
also supported. In addition to exploring connections be-
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Figure 3. Annotations.

tween analyses from .dez files and corresponding audio
observations from pyAMPACT, pyAMPACT users bene-
fit from the ability to use Dezrann’s feature-rich and web-
based platform as a graphic interface for precisely annotat-
ing scores. pyAMPACT.

In addition to the analytic tools in music21, pyAMPACT
can also integrate analytic annotations from the Citations:
the Renaissance Imitation Mass (CRIM) suite of symbolic
analysis. pyAMPACT’s data structuring is sufficiently sim-
ilar to CRIM Intervals that users can directly compare
analysis results from a CRIM Intervals method with au-
dio analysis results from pyAMPACT. In the event that
an imported score does not have any Roman Numeral an-
notations, pyAMPACT runs the relevant music21 analysis
methods to estimate the Roman Numerals.

5. AUDIO PROCESSING

The imported symbolic data is aligned to a correspond-
ing audio file to estimate note onset and offset times,
which replace the initial place-holder onset and offset
times in the NMAT representation (described in Section 4).
These onset and offset estimates identify time-frequency
regions of importance, which facilitates performance pa-
rameter estimation in both monophonic and polyphonic
audio. This score-guided approach to performance data
estimation is implemented in the original AMPACT toolkit

and described in [9]. The basic score alignment imple-
mented in pyAMPACT is a standard dynamic time warping
(DTW) approach [44], however, pyAMPACT is extensible
so that any Python-based score-alignment can be used be
used. Once the symbolic data has been aligned to the audio
data, a number of frame-level descriptors are estimated per
aligned note and also summarized into a set of note-level
descriptors. An example of the performance data estimated
for a single note is shown in Figure 4.

5.1 Frame-Level Descriptors

pyAMPACT uses an instantaneous frequency representa-
tion, produced by librosa’s reassigned spectrogram func-
tion, to estimate frame-level fundamental frequency (f0)
and power. A harmonic spectral representation is calcu-
lated from the fundamental frequency and power estimates.
A set of frame-level descriptors (currently spectral centroid
spectral slope, and spectral flux).

5.2 Note-Level Descriptors

From the frame-wise estimates of f0, power, spectral de-
scriptors described above, pyAMPACT currently estimates
five pitch-related note-level descriptors, two dynamics-
related note-level descriptors, and four timbre-related note-
level descriptors, largely from the frame-wise estimates
described above. It is also extensible to estimate addi-
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Figure 4. Example of performance data encoded in MEI using the <extData> tag. The performance data is linked to the corresponding note in the
<score> tag through the data attribute of the <when> tag. The performance data is encoded as a JSON object in a <![CDATA[> tag.

tional descriptors estimated by other packages, either from
the frame-wise descriptors or the spectral representation.
All of the note-level summary descriptors are added in
their own columns in the nmat DataFrame, which facil-
itates both analysis of these parameters within Python and
exporting the estimated performance data with note-level
linking to the corresponding symbolic data in MEI format
(see Section 8 for details).

Pitch-Related Descriptors: pyAMPACT calculates five
pitch-related descriptors: mean f0, perceived pitch, jitter,
vibrato rate, and vibrato depth. Mean f0 is calculated as
a geometric mean, following from the results reported in
[45], which indicate that of the simple mean types, the geo-
metric is the closest to the perceived pitch of vibrato tones.
A more complex perceived pitch model is also calculated,
based on the results reported [46]. This is a weighted
mean based on the rate of change, where frames with a
slower rate of change in the f0 estimates are given more
weight. Jitter is approximated by calculating the difference
between sequential frame-wise f0 estimates. Vibrato de-
scriptors are calculated by first computing the spectrum of
the note-segmented f0 trace with an FFT. Vibrato extent is
estimated by doubling the maximum absolute value of the
f0 trace spectrum and vibrato rate is estimated by finding
the position of the maximum absolute value in the spec-
trum. We are currently working on implementing more
sophisticated models of the evolution of pitch and pitch-
related parameters over the duration of each note.

Dynamics-Related Descriptors: Mean power is calcu-
lated from the note-level frame-wise power estimates us-
ing the arithmetic mean. Additionally, shimmer is approx-
imated in an analogous manner to jitter, but by calculating
the difference between sequential frame-wise power esti-
mates. Work is currently ongoing to integrate loudness es-

timation.
Timbre-Related Descriptors: Timbre descriptors are

estimated from the harmonic spectral representation de-
rived from the note-wise frame-wise f0 and power esti-
mates. Currently, pyAMPACT calculates all of the spec-
tral features available in librosa (spectral bandwidth, spec-
tral centroid, spectral contrast, spectral flatness, and spec-
tral rolloff) and calculates the arithmetic mean of each of
these to generate a note-level summary descriptor. Since
the spectral representation only models harmonic partials,
the accuracy of these descriptors, particularly spectral flat-
ness, is limited. Work is currently ongoing to incorpo-
rate the features in the Timbre Toolbox [47], including
ADSR, harmonic energy, noisiness, inharmonicity, spec-
tral spread, spectral skewness, spectral kurtosis, and spec-
tral crest.

6. EXPORTING DATA

pyAMPACT includes functions for exporting musical
scores with note-linked performance data to MEI format.
MEI [48] was primarily designed to encode symbolic mu-
sical data. The recent inclusion of the <extData> 3 el-
ement in the latest release of MEI 4 facilitates the link-
ing of symbolic events (such as notes) to data related to
specific time points in linked audio files. <extData>
can contain a standard XML <![CDATA[]]> tag, thus
the exact specifications of the linked data are flexible.
Each <extData> element wrapped in a <when> ele-
ment, which requires linking to both a specific time-point

3 https://music-encoding.org/guidelines/v5/
elements/extData.html

4 https://music-encoding.org/guidelines/v5/
content/introduction.html#modelChanges
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in an external representation (in our case an audio file) and
linking to a specific symbolic event defined in the ¡score¿
section of the MEI file (linked by XMLID). pyAMPACT
encodes a JSON-formatted object [49] with symbolic data
into an <extData> element linked to each note in the
symbolic representation.

An example of the MEI encoding is shown in Figure 4.
Basic MEI data for a single note is shown in the <score>
element, which includes the XML ID (’note 1’), which is
used to link the performance data in the <when> element.
The onset time of the note in the audio file is specified
within the <when> stage (absolute=”00:00:10:087”). The
pitch-, dynamics-, and timbre-related frame-wise and note-
level descriptors are encoded within the <extData> ele-
ment.

7. AVAILABILITY AND DOCUMENTATION

pyAMPACT is available in our GitHub repository 5 as well
as as a pip package 6 . Function-level Sphinx documenta-
tion of pyAMPACT is also available on a GitHub.io site 7 ,
and a set of Google Colab tutorial notebooks 8 have been
developed to help guide users through standard use cases.
There are currently three Google Colab tutorial notebooks:
(1) an introductory notebook that provides an overview
of pyAMPACT’s main workflow (corresponding to Sec-
tion 3); (2) a notebook details how pyAMPACT imports
and represents symbolic data (corresponding to Section 4),
(3) a notebook related to multi-modal-processing, which
details how annotations are imported and represented in
pyAMPACT (corresponding to Section 4.1). These tuto-
rials guide users through performing specific tasks with
pyAMPACT and provide reusable code that can be inte-
grated into users’ own projects. One of our goals as we fur-
ther develop these tutorials is to make pyAMPACT accessi-
ble to musicologists, similar to the way that the Humdrum
User Guide 9 and HumdrumR[50] vignettes 10 do.

8. CONCLUSIONS AND FUTURE WORK

pyAMPACT uses score-audio alignment to link symbolic
and audio music representations in order to estimate
note-wise frame-level and note-level tuning-, dynamics-,
and timbre-related performance descriptors. pyAMPACT
can read a range of symbolic formats and can output
note-linked audio descriptors/performance data into MEI-
formatted files. pyAMPACT also facilitates multi-modal
investigations through its infrastructure for linking sym-
bolic representations and annotations to audio (as de-
scribed in [51]).

As mentioned above, we are currently working to in-
tegrate pyAMPACT with a loudness estimation package
to calculate note-wise loudness estimates and to expand
the number of timbral descriptors calculated. To facili-
tate this, we plan to implement a more sophisticated ver-
sion of the note-wise spectral representation that lever-

5 https://github.com/pyampact/pyampact
6 https://pypi.org/project/pyampact/
7 https://pyampact.github.io/
8 https://github.com/pyampact/

pyampacttutorials/
9 https://www.humdrum.org/guide/

10 https://humdrumr.ccml.gtcmt.gatech.edu/

ages phase information in order to capture inharmonic par-
tials. We also plan to implement the DTW-hidden Markov
model (HMM)-based model included in AMPACT [19],
which estimates individual note onsets and offsets in no-
tated simultaneities. We are also working to support im-
porting under-specified scores, such as annotations from
Tony[52]. With under-specified scores, only note onset,
duration, and nominal pitch estimates would be required
to guide pyAMPACT’s audio processing algorithms, which
would expand the repertoire that can be analyzed to mu-
sic without notated scores. We also plan to support the
export of linked performance data to more data formats
(such as Humdrum) and explore how pyAMPACT can be
more directly integrated with other symbolic music data
frameworks (such as DIMCAT[53] and musif [54]). And,
finally, since pyAMPACT’s protocol for importing annota-
tions is extensible and can accommodate a range of note-
aligned data, we plan to extend this to offer support for
motion capture data and response data from psychological
studies.
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