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ABSTRACT

Empirical expressive performance studies are typically performed on small, curated
datasets. In this study, we present a large-scale analysis of expressive timing in clas-
sical piano performance using a ‘distant listening’ approach across six MIDI datasets
totaling over 600 hours of music. We revisit three core aspects of expressive timing
drawn from empirical performance research: (1) the relational invariance of timing
patterns with respect to tempo; (2) the influence of score markings, register, and
interval consonance on articulation; and (3) the role of asynchrony as a means of
expressive accentuation. Our findings indicate that timing patterns do not scale pro-
portionally with tempo; however, weak interactions between tempo and metrical
position suggest that both factors jointly contribute to shaping timing patterns. Artic-
ulation analysis confirms associations with score markings and register, although
the relationship with interval consonance is less consistent. Melody lead tendencies
are consistently observed across datasets, though our findings indicate that those
occurring on the beat level may primarily reflect dynamic accentuation. Overall, our
results provide empirical validation for certain established theories of expressive per-
formance while challenging others, illustrating how large-scale computational anal-
ysis can complement traditional controlled studies by offering broader insights into
performance timing.
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1 INTRODUCTION

Music performance analysis involves understanding and
interpreting the nuances of expressive musical renditions.
This analytical process allows researchers, musicians, and
music enthusiasts to study the details of a performance,
uncovering stylistic choices and interpretations that
contribute to the richness of musical expression. In
the past, most work in expressive performance analy-
sis using computational methods has been exploratory
in nature (Lerch et al, 2021), conducted on rela-
tively small-scale performance data measured on special
MIDI-controllable instruments (Desain and Honing, 1994;
Goebl et al., 2010; Palmer, 1989; Repp, 1990), or (semi-
Jautomatically extracted features from audio recordings
(Kosta et al., 2015; Sapp, 2008).

Recent releases of high-quality performance datasets
(Hu and Widmer, 2023; Peter et al., 2023) and advances
in transcription algorithms and the introduction of large-
scale transcribed performance data (Kong et al.,, 2021;
Zhang et al,, 2022) have enabled new possibilities for
studying expression in music performances. In this arti-
cle, we propose a ‘distant listening’ approach to expres-
sive music performance analysis using both transcribed
audio data and recorded MIDI data. In particular, we will
revisit a set of hypotheses related to expressive timing
that have been proposed in the literature and reassess
their validity at scale using a ‘distant listening’ approach
and data from (predominantly) real-world (as opposed to
laboratory) performances. To apply such an approach to
the domain of expressive music performance research,
we look at six MIDI piano performance datasets note-
aligned to their MusicXML scores, covering a wide range
of piano solo work from the Commmon Practice Period and
totaling over 600 hours of music and 14M performed
notes. In this way, we wish to provide stronger empiri-
cal support, on ‘ecologically valid’ data, for some selected
hypotheses from performance research—or identify pos-
sible problems with these hypotheses in the context of
‘real-world’ music performance data.

The motivation for this article is twofold: (1) to revisit
previously observed hypotheses on expressive timing at
scale, with the aim of drawing more general conclu-
sions about the performance patterns of expressive tim-
ing and its various components, and (2) to demonstrate
the potential of large-scale distant listening analysis as
a complement to more detailed and controlled musico-
logical investigations. We provide all analysis scripts at:
https://github.com/huispaty/expressive_timing.!

Building on preliminary observations from empiri-
cal research on expressive performance, particularly in
relation to expressive timing, we aim to explore three
research questions previously raised in seminal quanti-
tative performance studies (Desain and Honing, 1994,
Palmer, 1989, 1996b; Repp, 1990, 1994). Leveraging the

size of analyzed datasets, we seek to examine the fol-
lowing three questions: (1) Are timing patterns relationally
invariant to tempo?; (2) How do score markings, interval
consonances, and octave register influence articulation?;
and (3) Do note asynchrony values reflect melody lead and
melody lag patterns? We chose these three questions to
systematically investigate how tempo, articulation, and
asynchrony each contribute to expressive timingin classi-
cal piano performance, allowing us to better understand
the distinct and combined roles these parameters play in
shaping musical expression.

2 RELATED WORK

We structure this related work section around our three
research questions, dedicating one subsection to each.
Each subsection covers the literature relevant to its
corresponding experiment.

2.1 RELATIONAL INVARIANCE
In the first experiment, we ask the question of whether
note inter-onset intervals (I0Is) (termed ‘timing pat-
terns’ or ‘timing profiles’ by Repp (1990, 1992a, 1994)
and Desain and Honing (1994)) scale proportionally with
global tempo or, alternatively, if a change in global tempo
necessitates a change in timing patterns. This question
can be formalized as a hypothesis test. The null hypoth-
esis (HO) corresponds to the relational invariance hypoth-
esis, which assumes that variations in timing patterns
remain relationally invariant under moderate changes in
global tempo (Repp, 1994). In contrast, the alternative
hypothesis (HA) is the tempo-specific timing hypothesis,
which states that timing patterns are intrinsically linked
to tempo such that different (phrase-)structural levels
become salient at different global tempi (Honing, 2007).
Evidence has been found both in favor of the rela-
tional invariance hypothesis (HO, in the following) and
its alternative tempo-specific timing hypothesis (HA).
Repp (1994) compared recordings by two pianists play-
ing Schumann’s ‘Trdumerei’ three times at three different
tempi on a computer-controlled piano and found IOIs to
scale roughly in proportion with global tempo, concluding
relational invariance to hold up. Following the same pro-
cedure, Desain and Honing (1994) studied recordings of
the theme and first variation of the Beethoven variations
WoO 70, played by two pianists again at three different
tempi, and found significant interactions between global
tempo and IOIs, concluding that timing patterns do not
scale proportionally with global tempo. Contrasting their
results with the then-recent results by Repp (1994), the
underlying musical structure, the range of tempi con-
sidered, and finally methodological issues related to 101
measurement were listed as potential factors having
influenced the analysis.
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2.2 ARTICULATION: SCORE MARKINGS, INTERVAL
CONSONANCE, AND REGISTER

Prior empirical performance studies have proposed
several musical factors that systematically influence per-
formed articulation. Bresin and Battel (2000) investi-
gated articulation strategies in the second movement
of Mozart’s Piano Sonata KV.545, comparing passages
marked legato and staccato. They showed that articula-
tion markings are reflected in measurable differences in
the ratio between performed note duration and I0I, pro-
viding evidence for a score-marking hypothesis.

Register has also been proposed as an influencing fac-
tor. Due to the acoustic properties of the piano, higher-
pitched tones decay faster than lower ones (Benade,
1977). Based on this, Repp (1995) observed that pianists
tend to adapt their articulation across registers to achieve
perceptually consistent continuity, motivating a register
hypothesis.

A further proposal concerns interval consonance. Repp
(1996b) suggested that dissonant intervals may be artic-
ulated with less overlap than consonant ones, forming an
interval consonance hypothesis. However, this hypothe-
sis has so far only been supported by controlled listening
experiments and not yet confirmed on performance data.

2.3 CHORD ASYNCHRONY

In expressive piano performance, temporal asynchronies
between voices, i.e., where notes notated at the same
score onset are played non-simultaneously, either within
one or across both hands, are a well-documented phe-
nomenon. These asynchronies can occur in various forms,
most prominently as melody lead (also known as bass
lag), where the melody voice precedes accompanying
voices by 20-30 ms, or bass anticipation (also known as
bass lead), where the bass note occurs approximately
50 ms earlier than other chord notes (Goebl, 2001; Goebl
et al., 2010; Palmer, 1996b).

A central question concerns the underlying mecha-
nism of these asynchronies: do they arise from inten-
tional temporal accentuation or from dynamic emphasis?
This alternative velocity hypothesis proposes that
observed onset differences may be mechanical conse-
quences of playing melody notes louder, rather than
deliberate timing choices. While early studies found weak
or inconsistent correlations between MIDI velocity and
onset timing (Palmer, 1989), later work demonstrated a
strong relationship between voice-leading asynchronies,
and dynamic differentiation (Repp, 1996a). Goebl (2001)
further showed that melody lead disappears almost
entirely when measuring finger-key contact times,
implying that dynamic accentuation, rather than timing
intention, may drive observed onset differences.

Beyond melody lead, research has documented sys-
tematic variations in asynchrony patterns according to
musical structure. Between-hand asynchronies vary with
texture, tempo, and metrical position: Performances of

pieces of predominantly chordal textures show less asyn-
chrony than those with sustained melodic lines, and
faster tempi tend to reduce both the magnitude and vari-
ability of asynchrony (Goebl et al., 2010). Likewise, both
melody lead and bass anticipation have been observed to
be particularly pronounced on metrically strong positions
(Palmer, 1996b), followed by other on-beat and least fre-
quently off-beat metrical positions (Goebl et al., 2010).

3 DISTANT LISTENING

Using the term distant listening, we connect to the con-
cept of distant reading introduced by Moretti in the field
of literary analysis (Moretti, 2013). Distant reading refers
to a hermeneutic technique of analyzing global pat-
terns and trends in large amounts of textual data (as
opposed to close interpretation of individual instances—
so-called close reading). While close reading entails the
thorough observation of central themes and their evo-
lution by closely reading and following the structure of
the source text, distant reading abstracts itself from the
actual textual content of a given work and instead aims
to find global patterns and features from single or multi-
ple text(s) (Jdnicke et al., 2015).

Distant reading is used for various purposes within the
digital humanities, e.g., to identify patterns, trends, and
recurring features at a scale beyond the reception capac-
ity of an individual; to map large-scale literary history;
to investigate the non-canonical, under- or unread works;
to generate hypotheses for close reading or, vice versa, to
validate and generalize hypotheses from close reading; or
to provide an abstract, macroscopic view of a given corpus.

For our work, we operationalize distant listening as a
method that inherits two of these purposes: the analy-
sis of musical performances at scale and the validation of
established close reading hypotheses. On the other hand,
we do work with canonical data—at least in terms of
repertoire—and omit exploratory, pattern finding, longi-
tudinal, or macroscopic approaches.

Inbothdigitalliterature studies and digital musicology,
the underlying source datafor distant analysis is of textual
or notated form—that is, encoded—which lends itself to
analysis through a wealth of standardized methods. Digi-
tal research of such data can often lead to practical tools
suchasvisualizationsorinterfacesthat provideanabstract
view of a given corpus by illustrating the hierarchies or
relationships between textual elements (Piez, 2005). Such
tools may allow for filtering, zooming, grouping, and direct
information retrieval and, as such, support close reading
in flexible ways (Cayless, 2005). Large-scale analytically
annotated corpora of musical scores (Hentschel et al.,
2025; Pugin, 2015) likewise can enable similar exploratory
and educational tools (Gotham et al., 2023).

All of the above presupposes that the phenomenon
under study exists in an encoded, stable form. Musical
performance, on the other hand, is largely ephemeral
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in its nature. Though we have the means to capture
and reproduce (mostly: playback) a certain performance,
there is no agreed-upon encoding of performances, and
neither established taxonomies nor means to apply stan-
dardized methods for analysis exist. In this work, we
do not seek to address this gap. Instead, we aim at
a scaling of quantitative music performance research
using bespoke processing methods to address existing
hypotheses. By examining performance patterns at this
scale, we hope to lend empirical support to established
claims about broader principles of musical expression.

The difference in scale necessitates a crucial method-
ological shift. While most prior research examined a
certain performance phenomenon in a (mostly) within-
performer, within-piece design, we follow a between-
performer, multi-corpus approach, where performances
stem from different individuals and performance con-
texts. Although this introduces greater variability than
controlled laboratory studies, it better captures the diver-
sity of real-world musical practice and enables the study
of performance phenomena in ecologically valid, real-
world performance contexts.

This shift away from laboratory settings toward large-
scale, real-world data raises legitimate methodological
concerns regarding reliability, control, and sampling—
concerns similar to those debated in music-perception
research on web-based experiments (Honing and Ladinig,
2008; Honing and Reips, 2008; Kendall, 2008). In labora-
tory studies, researchers carefully select and recruit par-
ticipants; in distant listening, this controlled sampling is
replaced by the availability and characteristics of exist-
ing data. Likewise, the controlled conditions of labora-
tory experiments give way to the inherent variability of
real-world recordings, which differ in recording quality
and performance context. However, as argued in the
web-based experiments debate, we believe the potential
of distant listening for empirical performance studies—
with regards to scale, versatility, and ecological validity—
outweighs these concerns, provided they are appropri-
ately addressed through proper experimental design and
critical interpretation of the results.

Proper experimental design and sampling strate-
gies can be ensured by carefully aligning methodologi-
cal choices with the specific research questions at hand
(Honing and Reips, 2008). The more substantial challenge
lies in data reliability. Large-scale approaches using real-
world data necessarily introduce greater variance across
multiple dimensions: recordings vary in acoustic quality;
performances differ in their interpretive goals and con-
texts; and, most importantly, large-scale approaches rely
on large-scale data predominantly generated through
automatic annotation. Rather than viewing the increased
variance introduced by real-world data as noise to be
eliminated, we argue it should be explicitly modeled and
accounted for in the analysis.

Given these trade-offs between control and ecolog-
ical validity, we do not propose distant listening as a
replacement for laboratory studies but instead as a com-
plementary approach. Just as distant reading in liter-
ary studies has revealed large-scale patterns in textual
corpora that close reading alone could not detect, we
propose distant listening to find more global, abstract
patterns in musical expression that may remain unap-
proachable in small-scale investigations. As a first step
in this direction, we revisit established hypotheses from
the empirical performance research literature concerning
expressive timing and reassess their validity across mul-
tiple performed corpora.

4 ANALYZED CORPORA

4.1 DATA FORMAT

To facilitate the analysis of multiple datasets, we used a
standardized pipeline based on scores in MusicXML format
and piano performances as MIDI files. Note-level align-
ments between score and performance stem either from
manual curation or from state-of-the-art symbolic align-
ment algorithms (Peter, 2023; Peter et al., 2023) and are
encoded in the match file format (Foscarin et al., 2022).

4.2 CORPORA

The corpora vary in size, performance skill level, reper-
toire, and measurement precision. Three stem from
recordings by professional pianists, each focusing on
the oeuvre of a specific composer. The remaining three
datasets encompass a broader range of Western Com-
mon Practice solo piano music, including compositions
from the Baroque to the late Romantic era. See Table 1
for an overview.

The Magaloff/Chopin corpus (Flossmann et al., 2010)
is a collection of on-stage recordings of the complete
works of F. Chopin for solo piano by world-class pianist
Nikita Magaloff on a Bésendorfer SE computer-monitored
grand piano. The recordings were converted from pro-
prietary Bdsendorfer SE to standard MIDI format and
subsequently note-level-aligned with their correspond-
ing scores. The complete corpus consists of 155 per-
formances and 336,581 played notes and represents
approximately 10 hours of music.

The Zeilinger/Beethoven corpus (Cancino-Chacon
et al,, 2017) consists of performances of 31 movements
from nine Piano Sonatas by L. v. Beethoven performed by
the Austrian concert pianist Clemens Zeilinger and sub-
sequently aligned using the same curation protocol as
Magaloff/Chopin. This dataset comprises over 70,000 per-
formed notes, amounting to just over 3 hours of music.

The Batik-plays-Mozart corpus (Hu and Widmer, 2023)
contains 36 movements from 12 Piano Sonatas by
W.A.Mozart performed by Viennese concert pianist Roland
Batik and subsequently note-level-aligned to a standard
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Dataset Pieces Performances Duration MIDI Repertoire

Magaloff/Chopin (Flossmann et al., 155 155 8h17m recorded Essentially all of Chopin’s solo piano work

2010)

Zeilinger/Beethoven 30 30 2h40m recorded 9 piano sonatas: Ops. 2, 13, 14, 26, and 27

(Cancino-Chacén et al., 2017) (early); Ops. 31 and 53 (middle); and Ops.
109 and 110 (late)

Batik-plays-Mozart (Hu and 36 36 3h46m recorded 12 piano sonatas: KV279-284,

Widmer, 2023) KV330-333, KV457, and KV533

Vienna4x22 (Goebl, 1999) 4 88 2h18m recorded Excerpts from 4 pieces by Chopin, Mozart,
and Schubert

(n)ASAP (Peter et al., 2023) 235 1067 94h30m  recorded Common Practice Period piano solo work
by 15 composers

ATEPP (aligned subset) (Zhang 320 5094 524h48m  transcribed  Solo piano work by 25 composers, ranging

etal, 2022) from Baroque to the Modern era

Total 780 6330 636h10m

Table 1 Overview of datasets used for our distant listening approach, totaling over 600 hours of music.

edition (the New Mozart Edition) of the score, which is
further linked to musicological annotations (Hentschel
etal.,, 2021). The corpus contains approximately 102,400
performed notes, totaling nearly 4 hours of music.

The Vienna 4x22 dataset (Goebl, 1999) contains 22
different performances by piano students and profes-
sors from the University of Music and Performing Arts
Vienna, each of excerpts of four different pieces from the
Classical-Romantic repertoire: the Etude Op. 10, No. 3
and the Ballade Op. 38 by F. Chopin, the first movement
of the Sonata KV331 by W. A. Mozart, and the Deutscher
Tanz D. 783 No. 15 by F. Schubert. The dataset contains
close to 44,000 performed notes.

The (n)ASAP dataset (Peter et al., 2023) is the largest
fully note-aligned collection of solo piano performances,
originating from the Yamaha Piano-e-competition and
comprising over 7M annotated notes and nearly 100
hours of music by 15 composers from the Commmon Prac-
tice Period.

ATEPP (Zhang et al., 2022) is a large-scale dataset
of transcribed expressive piano performances by virtu-
0s0 pianists. The dataset contains 5094 aligned perfor-
mances (approx. 525 hours) by 49 pianists and 25 com-
posers ranging from the Baroque to the Modern period.
The alignments were obtained using the current state-of-
the-art offline symbolic alignment method (99% average
test F-score) from Peter (2023).

5 EXPERIMENT 1: ARE TIMING PATTERNS
RELATIONALLY INVARIANT TO GLOBAL
TEMPO?

5.1 HYPOTHESIS

We tested HO (relational invariance) against HA
(tempo-specific timing) by examining whether tim-
ing patterns scale proportionally with tempo changes

(supporting HO) or instead change systematically in a
non-proportional manner (supporting HA). For a detailed
discussion on the related debate, see Section 2.1.

5.2 METHOD

As pointed out by Desain and Honing (1994), the mea-
surement and calculation of note I0Is is not trivial, as
parallel (joint note onset and chord) and ornamental
(grace note) structures in particular can substantially bias
the results toward or against the relational invariance
hypothesis.

We combined the measurement procedures proposed
by Repp (1994) and Desain and Honing (1994) and com-
puted IOIs as follows: we excluded grace notes and
selected, for parallel structures, either the onset of the
melody note where voicing information is available or
the earliest onset where it is not. We then defined the
IOl as the physical time difference between two suc-
cessive onsets, which we normalized by the nominal
score position distance between the corresponding note
pair (e.g., a quarter note if the onsets are a quarter
note value-equivalent apart, an eighth note if they are
an eighth note apart, etc.). To standardize proportional
tempo changes across varying average tempi and to bet-
ter reflect perceptual sensitivity to tempo and timing vari-
ations, we lastly applied logarithmic transformation. We
chose this hybrid approach because the two earlier stud-
ies reached conflicting conclusions, and we argue that
the combination of score normalization and logarithmic
scaling, without excluding notes immediately surround-
ing grace notes, allows us to analyze the timing-tempo
relationship without bias toward invariance.

To answer the question of whether timing pat-
terns scale proportionally with tempo, we performed two
analyses. First, we compare within-tempo group correla-
tions to slow-fast between-group correlations. Following
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Desain and Honing (1994), we avoided averaging I0Is
across performances before correlation computation.
Instead, for each piece, we computed all pairwise
correlations between individual performances, sepa-
rately for within-tempo group pairs (e.g., slow vs. slow)
and between-tempo group pairs (e.g., slow vs. fast).
We then averaged these pairwise correlations within
each comparison type and report the mean and stan-
dard deviation across pieces. If relational invariance (HO)
holds, between-group correlation should be at similar lev-
els as within-group correlation. In line with the refer-
ence study, we tested for significance using the Fisher Z-
transform with a = 0.05.

Second, to test whether timing scales multiplicatively
with tempo (HO) or exhibits tempo-specific patterns (HA),
we analyzed log-transformed IOI sequences using sepa-
rate analyses of variance (ANOVA) per piece, with tempo
group (slow, medium, fast) and metrical strength (offbeat,
beat, downbeat) as fixed factors. The log-transformation
converts multiplicative relationships to additive ones,
allowing us to distinguish the hypotheses: HO would
predict only main effects (parallel patterns across tem-
pos), while HA would predict a significant tempo x
metrical strength interaction (non-parallel patterns).?

Note that our analysis compares timing pattern varia-
tions across performances by different performers, unlike
the within-performer timing variation approaches of
Desain and Honing (1994) and Repp (1990). We chose
to apply the same method nonetheless, as empirical
evidence suggests that systematic effects of musical
structure (e.g., phrase boundaries, harmonic tension)
tend to emerge consistently across performers—that
is, there seems to be a shared cognitive strategy for
timing variations related to the underlying musical struc-
ture (Desain and Honing, 1989; Langner and Goebl, 2003;
Repp, 1992b).

5.3 RESULTS

For our analysis, we considered all pieces for which there
are at least three performances at three distinct esti-
mated global tempi. We used a crude estimate of the
global tempo of a performance in beats per minute
(BPM) following Desain and Honing (1994), using the
duration of a piece divided by the number of beats it con-
tains. We then sorted the performances and split them
into three groups (slow/medium/fast) based on their ter-
tiles.? Figure 1 illustrates the distribution of tempi across
1326 performances of 80 Chopin pieces in the ATEPP
dataset (where each performance’s tempo is normalized
by the median tempo of all performances of the same
piece), along with the resulting tertile-based grouping.

5.3.1 Correlational evidence

Table 2 presents an excerpt of the correlational
evidence—that is, the comparison of within-tempo
group to between-group correlations for performances of

Tempo Histogram of 1,326 performances of 80 pieces by Chopin in the ATEPP dataset

Legend
—-==- 1st Tertile Boundary
——- 2nd Tertile Boundary
slow
medium
fast

200 A

150

100 A

50 1

Count

0.7 0.8 0.9 1.0 11 1.2 13
Median normalized tempo

Figure 1 Tempo histogram over median normalized tempi
across all (1326) performances of (80) pieces by Chopin in the
ATEPP dataset, with the resulting tertile-based tempo grouping.
Red dashed lines indicate the mean positions of the first and
second tertile boundaries, while the shaded regions represent
the corresponding standard deviations.

Composer Dataset Tempo  Fast Medium Slow
Beethoven  ATEPP fast 0.22 - -
medium  0.26 0.30 -

slow 0.26 0.33 0.39
(n)ASAP fast 0.45 - -
medium  0.49 0.51 -

slow 0.49 0.54 0.60
Chopin ATEPP fast 0.35 - -

medium  0.33 0.35 -

slow 0.32 0.33 0.43

(n)ASAP fast 0.29 - -
medium  0.32 0.35 -

slow 0.33 0.35 0.38

Vienna4x22  fast 0.80 - -
medium  0.72 0.81 -

slow 0.80 0.80 0.81

Table 2 Average correlations between performances of pieces
by Beethoven and Chopin per dataset. For these two composers,
mean within-group correlations (main diagonal) were slightly
higher than the mean between-group correlations (lower
triangle).

compositions by Chopin and Beethoven in the three
datasets studied.

We chose Chopin and Beethoven for their contrast-
ing approaches to rhythm and tempo: in performance,
Beethoven’s music, while rhythmically inventive and
dramatic, generally calls for a more disciplined and struc-
tured approach to tempo, with limited use of rubato.
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Performers are expected to maintain the integrity of
Beethoven’s rhythmic patterns. In contrast, Chopin’s
works invite a freer and more pronounced use of rubato,
with performers often stretching and compressing the
tempo to heighten emotional expression. This contrast
provides an interesting perspective on how different com-
posers and musical eras influence tempo and expressive
timing patterns. Together, Beethoven and Chopin also
account for a substantial portion of our analyzed corpora,
composing over one-third of all pieces and more than half
of performances.

It can be seen that both the within- and between-
group correlations are considerably higher in the
Vienna4=22 dataset than in both (n)ASAP and ATEPP.
The lower correlation values observed in (n)ASAP and
ATEPP may partly reflect greater expressive variability
across performers, suggesting that timing patterns are
not uniformly preserved across tempo conditions in more
diverse repertoire. This could be further compounded by
the fact that pieces in (n)ASAP and ATEPP are generally
longer than the short excerpts in Vienna4x22, potentially
leaving more room for performers to diverge in their
local timing decisions over the course of a piece. Another
noteworthy observation is that all correlations of per-
formances estimated as slow (both within and between
group) are higher than the mean within medium or
within fast tempo group correlations, indicating that
timing patterns become more stable and reproducible at
slower tempos, where the relative impact of measure-
ments and motor timing noise are reduced.

For Beethoven'’s pieces in the ATEPP dataset, the aver-
age within-group correlation (p,, = 0.30, p,, = 0.07;
lower triangle mean in the correlation matrix) is slightly
higher than the mean between-group correlation (p,, =
0.28, p;, = 0.03; main diagonal mean). Likewise, per-
formances by Beethoven in the (n)ASAP dataset show
a slightly higher within-group correlation (p,, = 0.52,
Ps, = 0.06) compared to the between-group correlation
(o, = 0.51, p5, = 0.02).

For the Chopin pieces, the performances in Vienna
4x22 show higher mean correlations both within and
between groups (p,,, = 0.81, p,, = 0.005, p,, = 0.81,
ps, = 0.038), which likely reflects both the shorter
length of the performances (piece excerpts) and the more
laboratory-like recording conditions. Performances in the
ATEPP and (n)ASAP datasets have comparable levels of
within- and between-group correlations, with the mean
between-tempo group correlation being slightly lower.

We also compared individual pairwise within-group
correlations to between-group correlations between the
slow and fast tempo groups for statistically significant
differences. Specifically, we tested whether the between-
group correlation is significantly lower than the within-
group correlation, using first the slow tempo group as the
within-group ‘benchmark,” then the fast tempo group.

Table 3 reports the results aggregated by composer
and dataset. For each piece, we computed the propor-
tion of pairwise comparisons where the between-group
correlation is significantly lower than the within-group
correlation and report the mean and standard devia-
tion of these proportions. As can be seen, the choice of
reference group substantially affects the results. When
using the slow tempo group as the within-group ref-
erence, a much larger proportion of comparisons show
lower between-group correlations, providing stronger evi-
dence against the relational invariance hypothesis (HO).
As discussed above, however, the generally higher level
of within-group correlations observed in the slow tempo
group could reflect greater measurement robustness at
slower tempi. The relatively low proportion of compar-
isons where between-group correlations are significantly
lower than within-group correlations for the fast tempo
group suggests that relational invariance (HO) may hold.

Overall, the results of the correlational comparison
provide only weak and inconclusive evidence against
relational invariance. As shown in Table 3, the proportion
of pieces showing significantly lower between-group cor-
relations remains modest and is sensitive to the choice
of within-group reference. Given that slow-tempo within-
group correlations are likely inflated by greater measure-
ment robustness rather than genuine timing stability, we
consider the fast-tempo reference results to be the more
conservative and reliable benchmark.

As briefly outlined above, in both Repp (1994) and
Desain and Honing (1994), the measurements at the
three tempi originated from repeated performances by
the same person, respectively. This is not the case
for Vienna4x22 and (n)ASAP, where each performance
stems from a different individual. In the 197 pieces
(6112 performances) analyzed in the ATEPP dataset, 156
pieces (79.19%) include multiple performances by the
same performer within the same tempo group, while

Within = Slow Within = Fast

Composer Dataset pc pfc %, %, %, %,

Beethoven ATEPP 25 770 5395 14.20 26.55 10.40

(n)ASAP 28 212 5879 25.39 25.30 29.20

Chopin ATEPP 80 1326 45.46 27.71 36.80 27.59
(n)ASAP 26 271 3942 27.18 15.50 11.09

Vienna4x22 2 44 2179 882 1190 11.17

Table 3 Mean and standard deviation values of the proportion of
pairwise correlation comparisons per piece where the between-
group correlation (slow vs. fast tempo) is significantly lower than
the within-group correlation (a = 0.05), reported separately for
the slow and fast groups, each serving in turn as the within-group
benchmark. Columns pc and pfc indicate piece and performance
count by that composer in the respective dataset.
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126 pieces (63.96%) include performances by the same
performer across different tempo groups. The frequent
presence of the same performer within a single group
may help to explain the higher within-group correla-
tions observed in this dataset. It is expected that per-
formances by the same individual, whether within or
across tempo groups, yield higher correlations than those
between different performers. While the aforementioned
studies focus on how a single performer maintains timing
patterns across tempi, we studied the more generic per-
formance space of human interpretation through perfor-
mances from real-world musical contexts. This broader
perspective allows us to examine how timing patterns
generally change in relation to global tempo across a
diverse set of interpretations.

5.3.2 ANOVA

Table 4 summarizes the piecewise ANOVA results for
metrical strength, tempo level, and their interaction
across performances of pieces by Beethoven and Chopin
from different datasets. The table reports the absolute
and relative proportions of significant effects for each fac-
tor, as well as for their interaction. Note that the critical
test of HO against HA lies in the interaction term between
metrical strength and tempo: if timing patterns scale pro-
portionally with tempo (HO), the way metrical strength
shapes timing should remain stable across tempo groups,
and the interaction should be nonsignificant. Conversely,
if timing patterns change qualitatively with tempo
(HA), a significant interaction would be expected.

At the level of individual factors, it can be seen that
both metrical strength and tempo significantly influence
the timing profile across a large proportion of pieces.
This underscores the importance of both meter and
tempo-related cues in shaping timing patterns. However,
the interaction between metrical strength and tempo
reaches significance only in a minority of the pieces
examined.

Metrical Tempo

Strength Group Interaction

Composer Dataset n % n % n %

Beethoven ATEPP 23 92,00 25 100.00 2 8.00

(n)ASAP 19 6552 21 7241 5 1724

Chopin ATEPP 54 67.50 70 87.50 14 17.50
(n)ASAP 24 9231 23 8846 2 7.69

Vienna4x22 2 100.00 2 100.00 0 0.00

Table & Excerpt of the analysis of variance results, in terms of
absolute and relative amounts of performances of works by
Beethoven and Chopin for which a significant effect (P < 0.05)
for Metre/Tempo was found, shown separately by dataset. Both
metrical strength and tempo group significantly affect timing
patterns, but, in most pieces, their influence is largely additive
rather than interactive.

In light of the relational invariance hypothesis (H0),
the results of the correlational comparison and the
ANOVA together suggest a rather nuanced picture.
The correlational evidence is weak and inconclusive:
while between-group correlations tend to be lower than
within-group correlations, this difference is modest and
partly attributable to greater measurement robustness
at slower tempi rather than genuine timing stability. The
ANOVA results are more informative in this regard—both
metrical strength and tempo systematically influence
timing patterns, consistent with relational invariance
(HO). Nonetheless, the significant interaction between
metrical strength and tempo observed in a low number
of performances suggests that, in a few cases, the effect
of tempo on timing patterns is not uniform across metri-
cal position, which we interpret as weak evidence in favor
of tempo-dependent scaling (HA).

6 EXPERIMENT 2: HOW DO SCORE
MARKINGS, INTERVAL CONSONANCES,
AND OCTAVE REGISTER INFLUENCE
ARTICULATION?

6.1 HYPOTHESIS

Based on prior literature, we tested the following
hypotheses in Experiment 2: H1 (Score-marking hypoth-
esis): Notes marked as legato exhibit greater overlap
(higher key overlap ratio [KOR]) than those marked as
staccato. H2 (Register hypothesis): Articulation varies
systematically with pitch register, with higher registers
encouraging increased overlap. H3 (Interval consonance
hypothesis): Consonant intervals exhibit greater overlap
than dissonant intervals. The second and third hypothe-
ses remain empirically underexplored in real-world per-
formance data and are evaluated at scale in this section.

6.2 METHOD
The three factors investigated in this experiment—score
markings, octave register, and interval consonance—
were selected on the basis of established empirical find-
ings and theoretical proposals in the performance liter-
ature. Score-articulation markings (legato/staccato) are
the most direct link between compositional intent and
performed overlap (Bresin and Battel, 2000). Octave reg-
ister is included because piano tone decay accelerates in
higher registers, and prior work shows that pianists com-
pensate by increasing key overlap to maintain perceptual
continuity (Repp, 1995). Interval consonance is included
following Repp (1996b), who proposed that consonant
intervals may be held with greater overlap than dissonant
ones; this hypothesis has not previously been tested at
scale in real-world performance data, making it a natural
candidate for a large-scale replication.

Key overlap ratio (KOR): To study articulation, we
investigated the key overlap ratio originally proposed
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by Repp (1995) and also used by Bresin and Battel
(2000). First, we measured the key overlap time (KOT),
which is the amount of overlap time between successive
piano tones that belong to the same perceptual stream,
e.g., the melody line. Since post-key press sound decays
over time, brief key overlap is typically perceived not as
simultaneity but as increased continuity. The KOR mea-
sures the amount of KOT in terms of the I0I between the
same respective adjacent notes, and therefore presents
a unit-less, numerical measure of their relationship. As
KOT is dependent on the interval size between the notes
and varies with I0I (Repp, 1995), it is more natural to
account for the ratio and investigate KOR in the setting of
diverse datasets (Bresin and Battel, 2000). In short, the
greater the KOR, the more legato-like two adjacent notes
will be perceived. Staccato notes, on the other hand, have
a negative KOR. Figure 2 illustrates both measures: the
top figure shows two legato-marked notes, which have a
KOT of 0.43 ms, an I0I of 0.57 ms, and correspondingly

a KOR of KOT _ 043 _ 0.75. For the bottom figure, a

I0I 057
negative KOT for a staccato-marked note results in a KOR
-0.27 047

of o7 =

Since our analysis relies on score-voicing information,
we chose to include the Vienna4x22, Batik, Magaloff, and
Zeilinger datasets, where the source score editions are
either explicitly known or have undergone careful edito-
rial scrutiny. In contrast with Bresin and Battel (2000),
who examined the full right hand, and Repp (1995), who
selected individual voices, we restricted our analysis to
note transitions in the melody voice. This choice is moti-
vated by the fact that the melody voice typically forms a
continuous sequence of successive notes, making note-
to-note overlap measures well-defined and interpretable.

101=0.57 ! KOT =0.43
<> <>

| D5
1.0

0.57 time (s)

: D5
3 1057

0 0.3 time (s)

E5 |
(s ==
KOT,=-0.27
<>
101 =0.57
<>

Figure 2 Illustration of key overlap time and inter-onset interval
for legato (top) and staccato (bottom) scenarios. Absolute
timestamps of the score events are shown in blue.

Other voices, such as bass or inner voices, often contain
sustained tones or discontinuous entries, where key over-
lap is less interpretable.

While the original KOR analysis by Bresin and Battel
(2000) focused on the finger and key actions in their
articulation, we augmented our analysis with sound-off
articulation, which computes the prolonged note off-
set resulting from sustained pedal usage. For datasets
where MIDI sustain control (CC64) is available and reli-
able (Vienna4x22, Batik, and Magaloff)*, we determined
a dataset-specific sound-off threshold—the CC 64 value
at which the dampers make contact with the strings.

The sound-off threshold corresponds to a physically
fixed position for a given piano: the point at which
dampers touch the strings when the pedal is partially
depressed. To estimate this position, we aggregated all CC
64 values recorded across all pieces (and pianists) in each
dataset and inspected the resulting histogram (Figure 3).
During legato re-pedaling, the performer briefly holds the
pedal at the damping position before re-pressing; this
creates a characteristic accumulation—a local mode—in
the intermediate range of the CC 64 distribution, between
the dominant peak at the resting position (CC ~ O for Batik
and Magaloff; CC = 15 for Vienna4x22, whose Bdsendor-
fer CEUS sensor records an analog signal rather than a
binary on/off) and the fully-pressed peak at CC 127. We
identify the threshold as the modal value of the lightly
smoothed histogram of control values within the inter-
mediate range 50-100, yielding dataset-specific thresh-
olds of 76 (Vienna4x22), 75 (Batik), and 60 (Magaloff).
Notes whose key offsets occur while the pedal control
remains above this threshold are treated as acoustically
sustained, and their effective note offsets are extended
until the subsequent pedal-release timestamp, identified
as a time point where the CC 64 signal exhibits a large
decrease (i.e., decreasing pedal values). KOR is then com-
puted as described above, with statistics reported sepa-
rately for note transitions occurring under pedal-off and
pedal-on conditions.

6.3 RESULTS
We begin by analyzing the KOR of notes based on their
articulation score markings (legato and staccato), follow-
ing Bresin and Battel (2000). For the Batik and Magaloff
datasets, we lacked information about the specific score
editions used by the pianists and whether they differ from
our reference scores (the Henle Urtext Edition for Mag-
aloff and the New Mozart Edition for Batik). However, it
is reasonable to assume that the majority of articulation
markings align across carefully edited scores used by pro-
fessional pianists; hence, with few exceptions, the anno-
tations in the performers’ scores likely match ours.
Articulation distinctions such as legato and staccato
are, in theory, conveyed through variations in the amount
of note overlap between adjacent notes. Figure 4 illus-
trates the distribution of note-level KORs using violin
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Figure 3 Distribution of sustain pedal values (CC 64) aggregated across all pieces (and pianists) for each dataset. The shaded region
marks the intermediate range (control values 50-100) used to locate the modal accumulation corresponding to the physical damping
point. The solid vertical line shows the estimated sound-off threshold (Vienna4x22: 76, Batik: 75, Magaloff: 60); the dashed line marks

the conventional default of 64.

plots, comparing legato and staccato markings. For the
staccato group, we include notes marked with staccato
and staccatissimo dots, while the legato group includes
notes covered by slurs (excluding the last note of a slur
group).

Overall, the differences between the legato and stac-
cato groups are significant for all datasets: Vienna4x2?2
(F(1,5492) = 142.0,P < 0.05), Batik (F(1,11957) = 537.3,
P < 0.05), and Magaloff (F(1,55651) = 152.1,
P < 0.05). These results indicate a consistent articulation-
dependent effect on KOR under the sound-off (pedal-
released) condition. The Batik dataset shows the strongest

distinction, suggesting that the performer interprets
Mozart’s articulation markings with particularly clear
differentiation between legato and staccato passages,
while Magaloff shows the least-pronounced differences
between articulation groups.

In addition to score markings, consonance is another
factor influencing the overlap between neighboring
notes. Figure 5 shows the distribution of KORs for neigh-
boring note pairs, grouped by interval. We computed
intervals in semitone steps modulo 12 and analyzed
them separately by direction (upward or downward).
The interval groups, ranging from unison to tritone, are

KOR Distribution by Markings

Batik Magaloff

B,

Vienna4x22 Zeilinger

|
i
\
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Figure 4 Key overlap ratio distribution of legato- and staccato-marked notes in different datasets. The vertical axis shows a mirrored
kernel density estimate histogram for visual comparison between articulation groups. Legato values indicate mirrored density and do
not represent negative probabilities.
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Figure 5 Boxplots of the key overlap ratio for all note transitions, grouped by interval consonance level across datasets. The unison

(same pitch) transitions are grouped in the left (upward) side.

ordered by increasing levels of dissonance according to
Western common-practice harmony.

None of the performances in the datasets analyzed
support the premise that consonant note pairs overlap
more than dissonant ones. While ANOVA tests indicate
significant differencesin mean KOR across interval groups,
Pearson’s correlation coefficient between mean KOR and
consonance level (with unison = 8 and tritone = 0) reveals
an insignificant negative trend: r(6) = —0.50,P = 0.21 for
upward intervals and r(5) = —0.54,P = 0.21 for down-
ward intervals. However, it isimportant to note that these
interval categoriesare highly unbalancedin the performed
repertoire.

In terms of the impact of direction, we also found that
upward transitions generally contain more overlaps than
downward transitions among all datasets, with the dif-
ference being significant for all intervals. The interval with
the largest difference is the perfect fourth, a historically
controversial interval with regard to consonance, where
upward leaps have an average KOR (with pedal sustain)
of 0.72 + 1.35 compared to 0.46 + 1.26 for downward
leaps, resulting in a 56% difference. This observation may
imply that the upward intervals sound more stable than
the downward intervals, leading to the articulation choice
of a longer overlap.

Building on the findings of Repp (1995), we investi-
gated how key overlap varies with register in performed
notes. His scale-listening experiment demonstrated that
increased overlapintheupperregisterwasassociated with
improved legato perception, while the lower register tol-
erated less overlap, presumably due to the instrument’s
inherent acoustic decay. However, in Repp’s pianist perfor-
mance experiment, no significant effects of register were
found. We investigated this relationship in a real-world
performance context by categorizing melody note KORs
based on the octave register of both notes (with AO mark-
ing the pitch class A in register 0).

As shown in Figure 6, our analysis reveals an overall
positive relationship between register and overlap artic-
ulation. In the Magaloff dataset, the Pearson correlation
between register and the mean KOR computed for each
register is r(5) = 0.96,P < 0.05. The Zeilinger (r(3) =
0.83,P = 0.08) and Vienna4x22 (r(1) = 0.26,P = 0.83)
datasets, which contain compositions within a narrower
register range, also show a weak, nonsignificant posi-
tive trend. In contrast, the Batik dataset defies this pat-
tern, showing a significant negative correlation (r(4) =
—0.90, P = 0.02) between register and overlap time.

Treating octave register as a categorical factor, a
one-way ANOVA reveals significant differences in mean
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Figure 6 Relationship plot between the octave register and key
overlap ratio across datasets. The shaded area represents the
95% confidence interval, interpolated between discrete points
for each octave.
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KOR across registers (F = 173.4, P < 1072%). Post-hoc
Holm-corrected pairwise comparisons indicate that these
differences are systematic across register pairs, despite
substantial imbalance in register sample sizes.

Overall, these findings suggest that, in real-world
piano performances, higher registers tend to encourage
more overlapping articulation, potentially compensating
for the faster decay of high-pitched notes. However, this
positive relationship is only statistically significant for the
Magaloff dataset (r(5) = .96, p < .05); the Batik dataset
shows a significant negative register-KOR relationship
(r(4) = —=0.90,P = 0.02), reflecting a repertoire-specific
effect, while the Zeilinger and Vienna4x22 datasets show
nonsignificant correlations, indicating that this relation-
ship is likely influenced by repertoire characteristics and
individual performer interpretation, rather than being a
universal performance rule.

7 EXPERIMENT 3: CHORD ASYNCHRONY—
MELODY LEAD OR MELODY LAG?

7.1 HYPOTHESIS

Building on prior work (see Section 2.3), we investigate
the following hypotheses on asynchrony: H1 (Metrical
hierarchy): Asynchrony magnitude increases on metri-
cally stronger positions, with downbeats showing the
largest root mean squaree (RMS) values, followed by
beats, and off-beats. H2 (Tempo hypothesis): RMS asyn-
chrony decreases with faster tempi. H3 (Texture hypoth-
esis): RMS asynchrony decreases in pieces with higher
chordal density. H4 (Voice-specific asynchrony hypoth-
esis): Melody notes systematically precede other voices
(melody lead), while bass patterns vary by metrical posi-
tion, with bass anticipation most pronounced on down-
beats. H5 (Velocity hypothesis): Observed asynchronies
arise from dynamic accentuation rather than intentional
timing, such that melody asynchrony correlates positively
with velocity differences between melody and accompa-
niment voices.

7.2 METHOD
We restricted our analysis to polyphonic score events
where at least three non-grace or non-ornamental notes
are performed simultaneously. For each such event, we
calculated the pairwise onset time differences between
all notes and computed the RMS of these differences
as a measure of overall asynchrony (Palmer, 1989).
Specifically, for a chord with n notes, we computed
all (;) pairwise differences, squared them, took their
mean, and extracted the square root. This RMS measure,
expressed in milliseconds, captures the overall tempo-
ral spread of notes within a chord, regardless of voice
assignment.

To examine melody (bass) asynchronies specifically,
we computed the onset timing difference between the
melody (bass) voice and the mean onset time of all

remaining notes in the chord. Where voice annotations
are unavailable, we followed the common heuristic of
assigning the highest and lowest pitch notes to the
melody and bass voices, respectively (Palmer, 1989).

To distinguish temporal accentuation from the
velocity hypothesis, which suggests that asynchronies
arise mechanically from dynamic differences rather
than intentional timing displacement, we computed the
velocity difference between the melody note and the
mean velocity of the remaining notes at each onset
and measured the correlation between these timing and
velocity differences.

7.3 RESULTS

With respect to H1 (metrical hierarchy), as a general mea-
sure of temporal variability across staves, Figure 7 shows
mean asynchrony measured in milliseconds (lower
x-axis) for selected composers, grouped by metrical posi-
tion. The upper x-axis shows polyphonic density—that
is, the proportion of events at each metrical position
that contain three or more simultaneous notes, providing
textural context for interpreting asynchrony patterns. To
address potential transcription artifacts while preserving
performance variability, we excluded polyphonic events
with RMS asynchrony values exceeding 200 ms.

RMS asynchrony is comparable on downbeat and beat
positions but less pronounced on off-beat positions. Sim-
ilarly, chordal density is comparable on downbeat and
beat positions, particularly for Romantic compositions,
and lower on off-beat positions across all compositional
periods. Across all metrical positions, performances of
works by Chopin and Schubert exhibit the greatest degree
of asynchrony.

To address H2 and H3, we performed two separate
linear regression analyses. For H2 (tempo effects), we
use estimated tempo (in BPM) as the independent vari-
able and asynchrony as the dependent variable. For H3
(texture effects), we used texture density (proportion of
joint note onsets with three or more non-grace notes,
over all onsets in a given piece) as the independent
variable and asynchrony as the dependent variable. We
conducted these analyses at the performer level for
performer-specific datasets and at the piece level for
multi-performer datasets, and we assessed statistical
significance at P < 0.05.

For tempo effects on overall asynchrony, we found 76
(out of 248) significant tempo-asynchrony relationships.
Of these, 43 were negative (mean slope = —0.0007) and
33 were positive (mean slope = 0.0019). These slopes are
very small, indicating that the overall influence of per-
formed tempo on asynchrony is negligible, even when
significant.

Looking at the effect of musical texture, we found
only 11 (out of 248, or 4.4%) regressions to be statisti-
cally significant, which is close to the rate of Type I errors.
Moreover, the large magnitude of regression coefficients
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Figure 7 Mean root mean square (RMS) asynchrony (in ms;
lower axis and colored bars) and polyphonic density (expressed
as a proportion; upper axis and black dashed line) by composer
and metrical position: downbeat (top), beat (middle), and
offbeat (bottom). Polyphonic density indicates the proportion of
events at each metrical position containing 3+ simultaneous
notes. RMS error bars show 95% confidence intervals across
performers for mixed-performer datasets or alternatively
across pieces for single-performer datasets. Polyphonic density
error bars show standard deviation across pieces.

suggests numerical instability in the model. When ana-
lyzing texture effects for each hand separately, we found
67 significant relationships for the right hand (staff 1:
21 positive with mean slope = 0.0035; 46 negative with
mean slope = —0.0007) and 64 for the left hand (staff 2:
29 positive with mean slope = 0.0007; 35 negative with
mean slope = —0.0007). Overall, the results indicate that
the influence of texture on asynchrony is slightly negative
and generally negligible.

With respect to H4 (voice-specific asynchrony hypoth-
esis), we investigated melody and bass note timing with
respect to their tendency to lead or lag at different met-
rical positions. Bass notes tend to lag (59.81%) more
often than they lead (39.29%). Across all datasets and

metrical positions, bass lags have a mean magnitude of
approximately 14.9 ms (SD = 18.1 ms), with compara-
ble values observed at downbeat, beat, and offbeat posi-
tions. Bass leads are slightly larger in magnitude, aver-
aging 21.8 ms (SD = 35.3 ms). Lead time magnitudes
are greatest at downbeat positions (mean = 28.8 ms)
and decrease at weaker metrical positions (beats and
offbeats).

Melody notes tend to lead more often than they lag,
with an approximate 70:30 lead-to-lag ratio when mea-
sured relative to all (both hand) accompaniment notes
and roughly 80:20 relative to right-hand accompaniment
notes only. Lead-time magnitudes are similar in mag-
nitude across all metrical positions, and, on average,
amount to 17.39 ms (SD = 18.13 ms) across both hands
and 16 ms (SD = 17.99 ms) within the right hand. Lag
times are greater at downbeat positions when measured
across both hands, and less so when measured within the
right hand only.

Addressing H5 (velocity hypothesis), Figure 8 illus-
trates the relationship between melody lead (as the
timing difference between the melody voice and the
mean onset time of other notes at the same onset,
measured in milliseconds) and MIDI velocity differences
(binned into four-unit bins), within the right hand (top)
and across both hands (bottom), grouped by metrical
position (columns), for a subset of our analyzed corpora
(ATEPP, (n)ASAP, and Vienna4x22). Note that this figure
only includes polyphonic events with positive velocity dif-
ferences. Across all datasets, cases where the melody
note is played softer than the accompanying notes is rel-
atively rare, accounting for between 2% and 16% of poly-
phonic events across hands and between 2% and 13%
within the right hand. The lowest rates are observed in
Vienna4x=22 and Batik, while the higher proportions occur
in (N)ASAP and ATEPP. As can be seen in Figure 8, both
within-hand and cross-hand melody leads show a posi-
tive correlation with velocity differences (as computed on
raw, unbinned velocity difference values), consistent with
the velocity hypothesis that timing deviations between
melodic and accompanying notes at shared score onsets
may reflect dynamic accentuation strategies.

8 DISCUSSION: DISTRIBUTIONAL
DIFFERENCES BETWEEN TRANSCRIBED
AND RECORDED MIDI DATA

Recent advances in automatic piano transcription have
made it possible to curate large-scale transcribed MIDI
datasets, such as ATEPP (Zhang et al., 2022), which we
included in our analysis. While state-of-the-art transcrip-
tion models (Kong et al., 2021) achieve impressive accu-
racy, we acknowledge that transcribed data may exhibit
distributional differences compared to precisely captured
performance measurements.
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Assessing transcription quality without ground truth
data remains an open methodological challenge in music
information retrieval and beyond, and developing princi-
pled evaluation methods for transcribed symbolic data in
such settings is a direction we leave to future work. How-
ever, to contextualize potential limitations of our findings,
we present an exploratory comparison of distributional
characteristics between transcribed and recorded MIDI
data.

In the following, we compare ATEPP with another
recorded dataset from our analyzed corpora across
selected timing features, with the aim of exploring sys-
tematic differences rather than validating transcription
quality, and assessed their potential impact on expres-
sive timing analyses.

Figure 9 compares ATEPP and (n)ASAP on a subset
of 125 pieces present in both datasets. The left subplot
shows the distribution of score-normalized, log-scaled
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101 values as a function of estimated tempo (BPM), cor-
responding to the features used in Section 5. The right
subplot depicts the distribution of average asynchrony at
polyphonic score onsets containing three or more non-
ornamental notes, computed as the RMS of absolute
timing differences across all possible note pairs within
each onset, again plotted against estimated BPM. The
RMS measure corresponds to one of the features used
in Section 7. Each point in the figure corresponds to a
performance-wise mean.

The kernel density estimates reveal substantial over-
lap between ATEPP (transcribed) and (n)ASAP (recorded)
data across both feature dimensions. For 101 values, both
datasets exhibit similar central tendencies and spread,
with IOI and tempo being negatively correlated (as
expected) across both datasets. The RMS asynchrony dis-
tributions likewise show comparable shapes, with both
datasets showing peaks in lower mean RMS asynchrony
values (<20 ms) and similar spread patterns. This similar-
ity in distributions is also reflected in our experiments (see
above), where both datasets show comparable ranges
and overall trends.

Note that the similarity in IOl and RMS distribu-
tions may not generalize to other expressive features not
shown here (e.g., dynamics, articulation, pedaling). Tran-
scription models vary in their ability to capture different
aspects of performance, and timing (particularly in case
of the piano) may be among the more reliably transcribed
features compared to velocity or continuous controls.

9 CONCLUSION

This study conducted a large-scale analysis of expressive
timing in classical piano performances, focusing on three
core hypotheses from earlier performance research.

First, regarding the relational invariance of timing
patterns to global tempo, our findings suggest that timing
patterns generally do scale proportionally with tempo. In
a few cases, however, scaling varied with metrical posi-
tion, providing weak evidence against full relational invari-
ance. Together, these results largely support the relational
invariance hypothesis proposed by Repp (1994).

Second, we examined how articulation is influenced
by score markings, interval consonance, and register. The
results confirm that articulation correlates with score
markings and register, while no consistent relationship
was observed with interval consonance. The score mark-
ing and register findings are consistent with Bresin and
Battel (2000) and Repp (1995), respectively, and our
large-scale results lend additional empirical support to
these hypotheses in ecologically valid performance con-
texts. The lack of support for the interval consonance
hypothesis of Repp (1996b) is noteworthy: while this
hypothesis had previously only been tested in controlled
listening experiments, our experiments on real-world

performance data do not replicate previously drawn con-
clusions, suggesting that consonance may not reliably
shape articulation in the diverse repertoire and perfor-
mance contexts captured by our corpora.

Third, we investigated chord-asynchrony patterns in
relation to various metrical and textural aspects, along
with the role of the timing of melody and bass notes in
accentuating a particular stream. We also investigated
the relationship between melody lead and dynamic dif-
ferences, where our findings suggest that a positive rela-
tionship between dynamics and the amount of melody
note lead can be observed on chords occurring on the
beat level, but less so on other metrical positions. This
is broadly consistent with Goebl (2001), who demon-
strated that melody lead is closely tied to dynamic
accentuation, and with Palmer (1996a) and Goebl et al.
(2010), who found asynchrony to be most pronounced at
metrically strong positions. Our large-scale results thus
replicate and generalize these earlier findings across a
much broader range of repertoire and performers.

Finally, we presented a high-level comparison
between recorded and transcribed MIDI data, showing
that the ATEPP (transcribed) dataset exhibits distribu-
tional patterns similar to that of recorded performance
data, particularly mirroring (n)ASAP in its diversity and
scale, which supports the reliability of automatic tran-
scription for large-scale expressive timing analysis. While
this is an encouraging result for the use of transcribed
data in performance research, the comparison remains
exploratory and restricted to timing-related features.
Other aspects of performance may be less reliably cap-
tured by automatic transcription models, and caution is
warranted when generalizing these findings beyond the
features examined here.

Generally, we wish to propose and promote large-scale
distant listening analysis as a complement to detailed,
controlled studies in empirical musicology. The value
of such an approach, as illustrated by this study, lies
not in replacing controlled experiments but in provid-
ing a broader ecological context for evaluating their
conclusions. Where our findings converge with earlier
small-scale studies, e.g., as in the case of score mark-
ing and register effects on articulation, or the role of
dynamic accentuation in chord asynchronies, the large-
scale replication adds ecological validity and general-
izability. Where they diverge or remain inconclusive,
e.g,, relational invariance and interval consonance, they
raise important questions about the boundary conditions
under which earlier hypotheses hold and motivate more
targeted follow-up investigations. At the same time, we
acknowledge thattheincreased noise, heterogeneity, and
reliance on automatic annotation that characterize large-
scale approaches introduce their own methodological
challenges, and that the conclusions drawn from such
studies should be interpreted with appropriate caution.
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NOTES

1. Although the Zeilinger/Beethoven and Magaloff/Chopin datasets are
proprietary, we provide all performance measurements necessary to
reproduce our analyses in full.

2. While the analysis in the referenced study uses a large number of 101
levels (113 for the Theme and 223 for the Variation), we decided to
group the onset factor into three levels of metrical strength (offbeat,
beat, and downbeat) to simplify the analysis and reduce the num-
ber of potential interactions. This approach aims to make the results
more interpretable while still allowing us to investigate the interaction
between tempo and timing.

3. We refrain from using a clustering approach for the split, as it may
result in unequal group size, which may have an undesirable effect on
the subsequent ANOVA test, potentially violating the assumption of
homogeneity of variances.

4. Regarding the Zeilinger dataset, the sustain-pedal information has
been found to be problematic. The pedal event messages include mul-
tiple concurrent streams of control data rather than a single clean sus-
tain signal, possibly from incorrect merging of multiple takes. While the
overall temporal shape appears plausible, it is unclear which stream
of pedal states corresponds to the note events, and no reliable post-
hoc procedure can be validated without additional recording meta-
data. Since the dataset is not publicly available and no authoritative
calibration information exists, we treat the Zeilinger sustain-pedal data
as unreliable and exclude it from our analysis.
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