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ABSTRACT

Beat processing is a critical component of how humans
experience music and a core topic in Music Information
Retrieval (MIR). In this study we investigate relationships
between computational features and human perception us-
ing real-world music spanning a variety of rhythmic cate-
gories. We observe a significant relationship between pulse
clarity computed from the audio and inter-subject correla-
tion of the neural responses. This finding suggests promis-
ing future lines of investigation integrating MIR audio fea-
tures, neural correlation, and subjective behavioral reports
in understanding beat processing and representation.

1. INTRODUCTION

Beat tracking is a central open topic in Music Informa-
tion Retrieval (MIR) research. A better understanding of
how humans process and track beat and rhythm has the
potential to inform evaluation of rhythmic complexity and
guide extraction of relevant audio features. One way this
goal can be approached is by investigating relationships
between computational representations of audio and cog-
nitive correlates of rhythm.

A core MIR feature that can be extracted computation-
ally from audio is pulse clarity, which aims to quantify
strength of the underlying pulse in a musical excerpt [1].
On the cognitive side, neural responses—such as those
measured with electroencephalography (EEG)—can pro-
vide objective measures of perception. While the study
of EEG responses to real-world stimuli is an open chal-
lenge, recent approaches have made ecologically valid lis-
tening settings more feasible. One such approach involves
the inter-subject correlation (ISC), which is thought to re-
flect brain states of attention and engagement [2]. Results
from a recent study suggest that heightened EEG-ISC dur-
ing music listening might be attributed to attention and ex-
pectation formulation, irrespective of enjoyment [3].

Leveraging these two measures, we follow up on a pilot
study and dataset containing listeners’ EEG responses to
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real-world musical excerpts of varying rhythmic complex-
ity [4, 5]. We compute pulse clarity and EEG-ISC for each
stimulus, and then correlate the two measures in order to
determine whether a relationship exists between them.

2. METHODS

2.1 Dataset

For the present analysis, we used the Naturalistic Music
EEG Dataset–Rhythm Pilot (NMED-RP) [4]. Stimuli for
this study were twelve 30-sec audio excerpts derived from
Bollywood music, the primary form of popular music in
the Indian subcontinent. The excerpts span four evenly
distributed rhythmic categories of different complexities:
Even, Polyrhythm, Swing, and Syncopated. Each rhythmic
category included three real-world excerpts plus one char-
acteristic ‘plain’ rhythm devoid of any vocals or melodic
instrumentation. 128-channel EEG was recorded from five
participants, for a total of 27–28 trials recorded across par-
ticipants for each stimulus. Participants listened attentively
to the stimuli during each trial. After each trial, the partic-
ipant rated the enjoyment, perceived complexity, and ease
of finding the underlying pulse of the stimulus.

2.2 EEG and Audio Analysis

We focus on the audio and EEG responses for the present
analysis. For each audio excerpt, we calculated pulse clar-
ity using the Matlab MIR Toolbox [6]. This resulted in
one pulse clarity measure per stimulus. For the EEG data,
we first filtered and cleaned the data, downsampling the
data from 1 kHz to 125 Hz and using Independent Compo-
nents Analysis to remove ocular and EKG artifacts. After
preprocessing, one electrode-by-time-by-trial matrix was
produced for each stimulus. To compute ISC, we followed
an established procedure whereby the multichannel EEG
data were first spatially filtered to maximize ISC (i.e., re-
liability) while also reducing data dimensionality [2]. We
applied a precomputed spatial filter that had been trained
over a larger collection of EEG responses to Bollywood
music [3] and retained the temporal activations from the
first, maximally reliable component. ISC was computed
using a one-against-all procedure: Trial-level ISC was the
mean correlation of that trial with every other trial. Finally,
we averaged ISC across trials to obtain a single value for
each stimulus. These ISC values were correlated with the
corresponding pulse clarity measures.



3. RESULTS AND DISCUSSION

In this study, we sought to determine whether a relation-
ship exists between a computational measure of musical
pulse (pulse clarity) and an objective measure of percep-
tion derived from EEG responses (ISC). The correlation
between pulse clarity and ISC is visualized in Figure 1.
Interestingly, in addition to being statistically significant
(r = −0.8, p < 0.001), the correlation is also negative.
This means that stimuli with lower pulse clarity evoked
higher ISC in the EEG responses. Three of the four ‘plain’
stimuli, denoting rhythm exemplars not embedded in nat-
ural music, are among the stimuli with the highest pulse
clarity and lowest ISC.

Figure 1. Correlation between pulse clarity and EEG-ISC
(r = −0.8, p < 0.001). Shape denotes rhythm category;
color denotes stimulus type.

In interpreting this inverse relationship between pulse
clarity and ISC, we surmise that higher ISC might be
driven by heightened attention when listening to stimuli
with more complex beat structures. Previously reported
behavioral results from this dataset [5] indicated that en-
joyment and perceived complexity was low—while per-
ceived ease of finding the beat was high—for the ‘plain’
stimuli relative to the real-world excerpts. Thus, a signifi-
cant relationship may also exist between subjective reports
and ISC/pulse clarity measures. Investigating this further
will be an interesting avenue for future research. Our fu-
ture work will also involve additional neural correlation
metrics that have proven insightful in recent EEG studies
of natural music listening, such as the extent to which EEG
tracks time-varying stimulus features [3, 7].

4. CONCLUSION

MIR research will benefit from multimodal approaches
that increase our understanding of the relationship between
human and computational measures of perception. New
methodologies for analyzing EEG permit the study of mu-
sic processing under more naturalistic listening scenarios
and offer new objective measures of perception. Our cur-
rent results using one such approach show that significant
relationships can be drawn between neural correlation and
a computational measure of metrical pulse, enriching our
understanding of beat processing.
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