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ABSTRACT

The study of auditory-motor synchronization with music has been so far mostly concerned with
timing. For instance, research has established that people are able to spontaneously coordinate with
musical beat when walking or running [1]. Yet, music is more than a metronome, and the relation
between the spectral dimension of music, i.e. parameters such as its pitch, timber, or harmonic
structure, and simultaneous motion remains nearly unknown. Here, we introduce a novel data-driven
paradigm in which participants were asked to walk on a treadmill while listening to a large variety of
musical tones systematically varied in pitch. Using analysis techniques inspired by psychophysical
reverse correlation, we show that participants’ gait patterns while walking to music spontaneously
encode pitch height: despite being instructed to simply synchronize in time, participants steps were
both longer and heavier on tones with lower pitches. These findings reveal that, similarly to time
perception, pitch cognition is not purely ’disembodied’ and suggest that listeners’ spontaneous motor
reactions to pitch might ground their ability to mentally represent music.
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Music in all human cultures is often experienced in motion, be it in dance, trance, military marches or lullabies [2]
and, even when we stand still, how we hear it remains strongly influenced by our motor system [3]. Because both
music and movement unfold in time, the idea that there should exist a temporal mapping between the two appears
intuitive, and indeed a vast body of research has shown that walking [1] and running speed [4] spontaneously align with
beat frequency (tempo). More generally, an extraordinarily rich literature has investigated people’s ability to move in
synchronization with external auditory stimulation [3, 5], be it with classical finger tapping studies [6], limb movement
[7] or dancing [8]. Expressive timing in music performance, such as the final ritardando in the Baroque and Romantic
period [9], also appear to share much of the temporal dynamics of motion [10].

Yet, music is more than a sophisticated metronome and, while we know a lot about how music maps to motion
‘horizontally’ (in the time domain), little is known about whether the other ‘vertical’ (i.e. spectral) dimensions of music
such as pitches, harmony and timbre relate to movement.

Indeed, while theories of embodied music cognition [11, 12] have been quick to extend beyond temporal/rhythmic
parameters to propose that spectral aspects of music such as musical tension [13], pitch contours [14] and consonance
[15] also share cognitive representations with the physical features of body movement, empirical demonstrations of
such links remain few and almost entirely limited to explicit judgements. For instance, in forced association tasks
between music and dynamic visual stimuli, listeners tend to associate rising pitch contours with ascending motion [14];
random pitch intervals with jerky physical motion [10]; dissonant and unstable chords with motion having low physical
stability [16, 17]; and alternations of consonant and harmonically-close chords with the imagined situation of someone
walking (the “Sorcerer’s Apprentice effect" [18]).
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Such experiments demonstrate that music is able to evoke motion percepts or interpretations in listeners, which in itself
is relatively uncontroversial [19, 16, 17, 20] and is also reminiscent of well-studied pitch-space associations [21]. It is
however an entirely different question whether these associations are based on sensorimotor representations that are
able to directly interact with the human motor system. For instance, if listeners in [18] reported less association to an
imaginary walking situation for musical sequences including dissonant than consonant chords, does this mean that
dissonant events would also disrupt their actual gait if they were to synchronize their steps to them?

In [22], musical dissonance was found to alter the finger-tapping performance of participants asked to synchronize to
either two dissonant or two consonant chords: in tasks where stimuli were dissonant, participants were less accurate
in tapping, and remained less steady and regular after the sequence had stopped. However, in such a paradigm with
a limited number of stimuli presented in separate blocks, it is difficult to conclude that it was the spectral/tonal
properties of each individual sound event that matched and interfered with the corresponding motor event, or whether
dissonance induced a more general cognitive or attentional load which interfered with the task on a broader and
non-specifically-motor way [23].

Here, we introduced a data-driven paradigm in which participants were asked to walk on a force-sensing treadmill
while listening to a large variety of musical tones systematically varied in pitch. Such a paradigm has tremendous
advantages for our research question. First, because each tone can be time-stamped to the X-Y-Z force time-series of
the corresponding step, we were able to investigate how each individual sound event interferes with the corresponding
motor event, similarly to the event-related methodology in neurophysiology. Second, because we can have participants
step along with thousands of successive tones with randomly different pitch, the resulting data is amenable to analysis
with psychophysical methods inspired by reverse-correlation and we are able to infer what exact part of a participant’s
steps is statistically influenced by pitch, in a purely data-driven manner.

Results

We let N=20 (female=9, male=11) young, Western, educated participants walk on a force-sensing treadmill while
they listened to a 10min. sequence of musical tones (piano notes), whose pitch was randomly sampled within the
two medium octaves of the western 12-tone chromatic scale (among 240 possible tones between C4/255.8Hz and
B5/1045.8Hz, sampled at a frequency resolution of 10% of a semitone). Each successive tone in a sequence was
repeated three consecutive times, at a rate of 75 events per minute (IOI=.8s). We then epoched the force time-series into
individual steps and, in the manner of event-related analysis in electrophysiology, paired each step with its corresponding
sound event. This resulted in an average M=668 trials per participant (see Materials and Methods for details). Six
participants were removed because more than 20% of their steps were not synchronized with a musical event, leaving
N=14 (female=6, male=8) for subsequent analysis.

Participants’ step data displayed a saddle shape in the vertical and medio-lateral force dimensions and a progressive
transition from anterior to posterior force, which is the expected shape for a stance including an initial, braking heel
strike followed by a final propulsive ‘toe off’ (see e.g. [24]). Step duration was stable at M=105ms (SD=71ms).
Consistent with similar synchronization tasks in the literature [3], we found that participants’ steps steadily anticipated
the onset of the notes, with a mean onset time occurring M=608ms (SD=83ms) after the start of support of the
corresponding step, roughly at a local minimum of antero-posterior and latero-medial forces (Figure 1).

To analyze the relation between step force data and musical pitch, we used a data-driven technique inspired by the
psychophysical method of “classification images” [25]. Classification images indicate the strength of the statistical
association between force at each time point and the z-scored, log-transformed pitch of the corresponding note: at each
time point, we tested whether the images differed from zero with one-sample t-tests (see Materials and Methods for
details).

Participants’ classification images showed a cluster of statistically-significant negative associations between musical
pitch and vertical force from t=800 to 1000ms (t(13) ∈ [-2.20,-3.58], all ps < .046; Figure 1), showing that steps that
occurred on lower notes exhibited more positive vertical force in their later, propulsive phase. This cluster co-occurred
with a similarly negative association in the latero-medial dimension (from t=780 to 880ms; t(13) ∈ [-2.24,-3.71], all ps
< .043), indicating a medial direction consistent with the final toe off. There was no association between musical pitch
and participants’ steps in the antero-posterior dimension.

We then grouped each participant’s trials and computed separated classification images for steps that occurred on the
first, second and third repetition of each note. This revealed that the above effect was driven by negative associations
that occurred specifically the second and third consecutive time any given note was heard and stepped onto. In the
vertical force dimension, step 2 had a significant negative cluster from t=710 to 810ms (t(13) ∈ [-2.23,-2.99], all ps <
.044) and step 3 from 810 to 1060ms (t(13) ∈ [-2.18, -4.01], all ps < .049), but none in step 1 (Figure 2-top).

2



Cracking the pitch code of music-motor synchronization

Figure 1: Steps that occurred on
lower-pitch notes exhibited more
positive vertical force in their
later, propulsive phase. Green:
Average vertical (top), medio-lateral
(middle) and anteroposterior (bot-
tom) force data for all participant
steps (M=668 steps per participant).
Participants’ step data displayed the
expected saddle shape in the vertical
and medio-lateral force dimensions.
Blue/orange: Classification images
indicating the direction of the statis-
tical association between force at
each time point and the z-scored,
log-transformed pitch of the corre-
sponding note, before (blue) and af-
ter (orange) note onset (marked by
dashed line and note icon). Clas-
sification images showed a cluster
of statistically-significant negative
associations between pitch and ver-
tical and medio-lateral force, post-
onset, in the toe-off phase of the
step.

This pattern of data is consistent with the interpretation that participants’ steps performed on tones with lower pitch
were heavier (showing more vertical force), but also that these steps were longer: because classification images were
computed by aggregating steps of varied duration, it is possible that steps that had (positive) vertical force for longer
amounts of time occurred more often for lower pitch, and that shorter steps, whose vertical force reached zero earlier,
were conversely associated with higher pitch. For a confirmatory analysis, we therefore computed separate repeated-
measure correlations [26] between the (log-transformed) pitch in each participant’s trials and the weight (computed
as the mean vertical force between 800 and 1000ms) and duration of the corresponding steps: both correlations were
significant at step 3 (weight: r(2291)=-0.043 [-0.08, -0.0], p=.03; duration: r(2291)=-0.066 [-0.11, -0.03], p=.001;
Figure 3). In addition, to verify that musical pitch had an influence on step weight beyond the effect on step duration,
we repeated the classification image analysis by normalizing all steps to 100% duration (figure 2-bottom). Classification
images in the vertical dimension continued to exhibit a significant negative cluster at step 2 (from t=670 to 740ms,
t(13)∈[-2.23,-3.72], all ps < .044), and repeated-measure correlations between log pitch and weight in the same range
(700-750ms) remained consistent, albeit non significant: r(2286)=-0.034 [-0.08, 0.01], p=.09.
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Figure 2: Negative associations between vertical force and pitch that occurred specifically the second and third
consecutive time any given note was heard and stepped onto, and remained even when the effect of step duration
was normalized. Top: Classification images between vertical force at each time point (actual duration, in ms) and
the z-scored, log-transformed pitch of the corresponding note, before (blue) and after (orange) note onset; computed
separately for the first, second and third consecutive repeat of each note. Bottom: Classification images in the same
conditions, computed by normalizing all steps to 100% duration.

All in one, we therefore found converging evidence that participants’ steps were both longer and heavier when they
stepped on musical notes with lower pitch. The effect on vertical force when lowering pitch from B5 to C4 was
M=+3.6% [3.05%,4.19%], and the effect on duration was M=+1.4ms [1.19ms,1.61ms].

Finally, to test whether the influence of pitch was an effect of musical expertise, we tested for possible differences
between the classification images of musically- and non-musically trained participants, using paired t-tests at each time
point. There was no difference between both types of participants at any time point, for any of the effects we tested,
regardless of whether we used participants’ reported years of training or a standard test of musicianship (Gold-MSI) as
a cutoff measure (e.g. vertical force, all ps > .55 from t=80 to 100ms).

Discussion

To investigate whether musical pitch influences the gait parameters of simultaneous motion, we used a data-driven
paradigm in which participants were asked to walk on a treadmill while listening to a large variety of musical tones
systematically varied in pitch. Using analysis techniques inspired by psychophysical reverse correlation, we show
that participants’ gait patterns while walking to music spontaneously encode pitch height: despite being instructed to
simply synchronize in time, participants steps were both longer and heavier on tones with lower pitches. This effect
was demonstrated vertically and latero-medially in the toe-off stage of the steps (Figure 1); it occurred specifically the
second and third consecutive times any given note was heard (Figure 2); and it was present similarly in musically- and
non musically-trained participants.

Despite our analysis being entirely data-driven, the temporal extent of the effects found here (from 700 to 1000ms
within step) was consistent with the constraints holding on the sensory-motor system. First, none of the effects occurred
before the onset of the corresponding sound event, which was on average around 600ms within step. Second, the
fact that the effect of a new note did not occur in the first time this pitch was heard is consistent with the sensory
latency of processing musical pitch [27] and the motor latency of initiating walking motor commands [28], which
would collectively leave little time for the central nervous system to initiate any modulation of walking gait within the
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Figure 3: Confirmatory analysis that participants’ steps performed on tones with lower pitch were heavier but
also longer. Left: Negative repeated-measure correlation between the (log-transformed) pitch in each participant’s
trials and the toe-off weight (computed as the mean vertical force between 800 and 1000ms) of the corresponding step.
Right: Negative repeated-measure correlation between the log-transformed pitch in each participant’s trials and the
duration of the corresponding step.

100-400ms after the sound is first heard. In a comparable psychoacoustic study [29], motor reaction times (button press)
measured in response to pitch deviations of the range used here (2 to 13 semitones) were in the range of 750-1100ms
post-onset. At a rate of 75bpm (IOI=800ms), such latencies would correspond to the range [-50ms, + 300ms] around
the onset of the next consecutive note event, which is very similar to what we see here.

Our finding that our participants associate low pitch with longer and heavier motion is interesting to discuss in the
context of the larger theoretical debate whether music can be said to have meaning [30] and a semantics [16, 17].
Indeed, our results are reminiscent of a number of other studies reporting cognitive associations between musical pitch
and other spatial concepts, such as elevation - the SMARC effect [21] - or speed [31]; between falling pitch contours
and descending motion [14]; between the repetition of low-pitched sound and quantity of motion in dance music
[32]; between consonant and stable chords and motion stability [16, 17]; and between alternations of consonant and
harmonically-close chords and the imagined situation of someone walking [18]. That musical pitch can be interpreted
as representing weight or stability therefore reinforces an emerging view that music is not only iconically referential,
e.g. in the mapping between melodies and animal characters in Prokofiev’s Peter and the Wolf [33], but can support a
rich typology of semantic inferences about the properties and actions of non-auditory objects [17], in the same sense as
language, gestures or visual animations [34].

Even though the emergence of such representations is often studied in a musical context, one may question whether they
are specifically musical, or of a more generic cognitive nature. Many existing cognitive mappings between, e.g., pitch
and speed [31] are thought to result from the associative learning of events co-occurring in the natural environment (e.g.
doppler effects [35]). For the behavior demonstrated here, it appears plausible that participants have developed sensory
associations between heavy objects that hit the ground forcefully, and the resulting low or deep impact sounds, and that
there is nothing intrinsically musical to this mapping. This suggests, as others have also proposed, that some of the
semantics of music is “continuous” with generic auditory cognition [16], in the same way that musical emotions are
thought to be partly evoked by mimicking the acoustic properties of non-musical emotionally significant events, such as
thunder [36], or emotional vocalizations [37]. In the present study, the fact that musically and non-musically trained
participants showed similar effects shows that musical expertise is in any case not necessary for the association between
pitch and stepping weight/duration to exist.
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In comparison with previous work, we find remarkable that the present results did not emerge from self-report tasks
asking participants to explicitly compare stimuli, but from physiological data in an implicit walking task where
participants were not instructed to pay attention to the pitch quality of the musical events. This suggests that part of
these associations do not only derive from ‘disembodied’ mental representations, but are able to recruit sensorimotor
representations that directly interact with the human motor system, in our case modulate the force characteristics of
participants’ gait. From the point of view of music semantics, the fact that musical pitch sequences should modulate
overt walking behavior suggests that music might not only able to refer to or denote external objects or events [38], but
also internal events (i.e. happening in the listener’s body): if music has meaning, then maybe part of this meaning is
about the listeners themselves. This is reminiscent of the question whether the smile-like spectral features of certain
musical instruments can induce positive emotions and the imitation of a smile in listeners [37].

A related question concerns the cognitive ‘chronometry’ of the emergence of music-semantic representations relative to
physiological responses: it is possible that pitch is first processed semantically as denoting heavier and longer steps, and
that this representation then interacts with the (incidental) execution of the walking motor program; alternatively, pitch
may first trigger an actual (or simulated) physical reaction, from which a mental representation is then lifted. Further
experimental work, for instance with paradigms which examine stimulus evaluation while inhibiting or interfering with
simultaneous motor behavior [39, 40], will be needed to clarify the interaction of cognitive-evaluative and sensorimotor
processes in the behavior exhibited here. Conversely, it is also possible that motor actions such as stepping lightly or
heavily can interfere with specific auditory perception tasks, in the same way that stepping on every second or third beat
of a musical phrase can influence its perception as a march or a waltz [41] or, in the visual domain, that walking can
modulate reaction time to the occurrence of far vs. near objects [42]. Finally, we believe our results may also motivate
clinical applications where low-pitched sounds are used to stabilize gait in e.g. Parkinson’s patients [43] or stroke
survivors [44], possibly in conjunction with other well-described beneficial effects of tempo synchronization [3].

Finally, if musical pitch has an effect on gait, it appears possible that more complex spectral properties (rich harmonic
structure, timbre, consonance) do too. The present data-driven paradigm (for which we provide all experimental
software as open-source1) therefore opens up a vast domain of research to investigate the interaction of each of these
dimensions with human motion, and elucidate the intricate sensorimotor mechanisms that subserve our perception
of such elusive multimodal percepts as motor and musical stability [45], predictive uncertainty [46], tension [47] or
smoothness/jerkiness [10].

Materials and Methods

Participants

N=20 young (M=25.5, SD=7), Western, educated participants (male: 11, female: 9) participated in the experiment. All
participants gave their informed consent prior to the experiment and were debriefed about the purpose of the research
immediately after. Each of them received a 15 euros lunch voucher as a compensation.

N=13 participants (65%) self-declared as musicians (M=8.6y of musical training). In addition, all participants
completed a short self-report survey consisting of 15 items extracted from the Goldsmith Music Sophistication Index
(MSI) measuring their active engagement with music, perceptual abilities, musical training and singing abilities [48].
Questionnaire scores significantly differed between musicians (M=51.4) and non-musicians (M=38.8; t(11.7)=2.66,
p=.0209, [2.26, 22.79], Cohen’s d=1.3).

Procedure

We tasked our participants to walk on a force-sensing treadmill while listening to generative music constituted by a
large variety of musical tones systematically varied in pitch. Prior to each session, participants were asked to wear
comfortable shoes, and stood still once on each side of the treadmill for calibration. Treadmill was then started, its
speed set at a slow walking speed (M=2.5km/h) and participants practiced walking to the sound of a metronome (75
bpm, period=0.8s) until they were comfortable with the task. Participants were then instructed to walk on the treadmill
and to synchronize their steps with a sequence of piano notes they heard through headphones, without the support of
handrails and as naturally as possible. Each session used an uninterrupted sequence of 750 sound events, played at
a constant rate of 75bpm (period=0.8s), amounting to a total of 10min. Participants were given the cover story that
we were interested in how well people could adjust their timing to the period of the sounds, and that the pitch content
of the notes was irrelevant and just introduced for variety. They were instructed to focus their attention on walking

1https://github.com/neuro-team-femto/treadmill
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synchronously with the sequence. After the session, participants were explained the true purpose of the experiment,
namely that it was to examine the effect of pitch height on their walking gait.

Apparatus

Step data was acquired using a legacy instrumented treadmill (Tecmachine ADAL3D), equipped with two force
platforms measuring the time series of forces of each limb during walking, along the X (medio-lateral), Y (antero-
posterior) and Z (vertical) dimensions. The treadmill was interfaced to our software using a generic USB I/O acquisition
card (NI-6008, National Instrument). Data was acquired at a sample rate of 1000Hz, and recorded continuously
for the duration of one experiment (10min). While they walked on the treadmill, participants were presented with
sequences of musical notes using commercial wireless headphones (Beats Solo3). Using custom software written in
Python (https://github.com/neuro-team-femto/treadmill), we synchronized step data acquisition with the
triggering of each musical note, in order to be able to associate the time series of each step to the corresponding sound
event.

Sound stimuli

Sound stimuli were extracted from the University of Iowa Musical Instrument Samples (MIS) dataset https://
theremin.music.uiowa.edu/MIS.html and consisted in high-quality recordings of a Steinway & Sons model B
piano, made in Nov. 2001 at the Voxman Auditorium, University of Iowa (Iowa City, USA) using a Neumann KM84
microphone. We selected one recording for each of the 24 notes spanning octaves 4 and 5, i.e. from C4 (263.3 Hertz,
Hz) to B5 (1016.0 Hz), by steps of one semitone), played at medium dynamics (mf ). To ensure that stimuli could be
accurately synchronized to step data later in the experiment, we then normalized the loudness of the files, trimmed any
initial silence (using a threshold at -30dB) and faded out each recording after 1.5sec so that all had the same duration.

We then produced a second derivative dataset by applying an algorithmic pitch transformation (pitch shifting) to each of
the original files, in such a way that its fundamental frequency was reduced by 10, 20, 30, 40 or 50% of a semitone
(or cents). Pitch shifting was done using a Python implementation of the phase vocoder algorithm [49]. Finally, we
ran an automated pitch analysis algorithm (SWIPE, [50]) to document each musical note with its actual fundamental
frequency, after pitch shifting. This resulted in a dataset of 240 musical notes, spanning the entire range of frequencies
from a low-tuned C4 (255.8Hz) to a high-tuned B5 (1045.8Hz), by steps of 10% of a semitone (10 cents, corresponding
to logarithmically increasing steps in Hz, from 1.5Hz at C4 to 5.9Hz at G5).

We then presented each participant with a random sequence of 750 sound events extracted from this dataset of 240
notes. Notes were played at the constant rate of 75bpm (period=0.8s), amounting to a total of 10min, and each note was
repeated three consecutive times. In pilot studies, we experimented with several configurations, using only original
recordings or using all pitch-shifted recordings, using notes from 2 octaves or 5 octaves, and using isolated or repeated
notes. Because we found that, consistently with the literature [3], participants tended to anticipate the onset of the note
to synchronize their steps (Figure 1), we decided to present each note three consecutive times so that steps 2 and 3
could be initiated and performed after one complete hearing of the corresponding note.

Step data signal processing

For each participant, we normalized the two time series of their left and right foot force data as percentage of the force
corresponding to their standing weight, measured during calibration. We then resampled all time series at 100Hz and
removed any linear trend across each session (due to treadmill electronics). Next, we segmented each participant’s
time series into individual steps using a simple threshold procedure: candidate start- and endpoints for each step were
positioned where the vertical force time series crossed (resp. upwards or downwards) a threshold set at 5% of the
amplitude range of the series, and we eliminated false positives that had a step duration shorter than 100ms. Finally, we
associated each step with its corresponding sound event by selecting, for each step, the first sound whose time onset
was between the step’s start and end point. Steps for which no sound events were found (e.g. after the sequence ended)
were deleted from the dataset, and steps for which more than one sound event were found were associated with the
earliest of these events. The above procedure resulted in an average M=668 trials per participant (min=403, max=750,
SD=114), each associating the time-series of a single step and the characteristics of the corresponding musical note. All
analysis code (Python) is available on https://github.com/neuro-team-femto/treadmill.

Outlier selection

We selected as outliers participants who had more than 20% of their steps not associated with a musical event, on the
rationale that this indicated a misunderstanding of the task, a low capacity to synchronize their walking gait to external
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sounds, or long attentional lapses. N=6 participants were removed from the dataset, leaving 14 participants for analysis
(male: 8, female: 6).

Data-driven analysis

While previous work has focused on quantifying step data based on predefined characteristics (such as step and
stride length, or heel and toe contact force [24]) and contrasting them along predefined stimulus properties (such as
consonance, [22]), we use here a data-driven strategy in which we let regions showing significant associations with
sound emerge from an a posteriori analysis of participant responses to many, systematically-varied sounds.

In more details, we use a method inspired by the psychophysical technique of “classification images” [25]. For each
participant k, we compute a weighted time-series p̃k(t) by multiplying the time series of each the participant’s n steps
pi(t) (with t ∈ [0, 100] for a 1-sec step sampled at 100Hz) by a weighting factor zi corresponding to the z-score of
the log-transformed pitch of the corresponding note. We then average these weighted time-series over all n steps:
p̃k(t) = Σn

i=1p
k
i (t)zi. Doing so, we negatively weight the patterns of step data that are associated with sound events

with lower-than-average pitch, and positively weight those associated with high pitch. The resulting “classification
image” p̃k(t) is itself a time-series analog to a single step, which represents the strength of statistical association
between step force and musical pitch, as a function of time.

Note that for this analysis, it is important that the distribution of stimuli is non-skewed, so that classification images
that do not differ from zero indicate no statistical association. Because musical notes are spaced logarithmically in Hz
(lower notes are closer to one another that higher notes) the theoretical distribution of random stimuli is skewed towards
low Hz, while it is uniform in log-Hz (or cents). For this reason, time-series data is weighted with the logarithm of the
pitch (log-Hz), rather than in linear Hz, in the above calculation.
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