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SUMMARY

Computer-based intelligent pedagogy systems have great potential to provide interac-
tive music lessons to those unable to access conventional, face-to-face music instruction
from human experts. A key component of any effective pedagogy system is the expert do-
main knowledge used to generate, present, and evaluate the teachable content that makes
up the “syllabus” of the system [1]. In this thesis, we investigate the application of com-
putational musicology algorithms to devise the “syllabus” of intelligent rhythm pedagogy
software through a rhythm recreation study. A large part of this thesis is dedicated to the de-
velopment of a web-based computer-aided rhythm tutor used as an experimental interface
to conduct the rhythm recreation study. The resulting system can present targeted rhythm
exercises to the participants and provide immediate feedback on the participant's rhythm

performance audio.
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CHAPTER 1
INTRODUCTION

“Musical training is a more potent instrument than any other because rhythm

and harmony nd their way into the inward places of the souPlato

The essential role of music education in the holistic development of intelligent and
moral people has been recognized for a long time [2, 3]. Recent scienti ¢ research has
corroborated this ancient wisdom, demonstrating the positive impacts of musical skills on
language development, self-discipline, ne motor coordination, emotional sensitivity, and
relaxation [2, 3]. These non-musical skills often result from a high-quality and positive
learning experience which is often rewarding and bene cial to the students. Accessibility
to high-quality music education that results in a positive learning experience is a complex
challenge, and music technologies have been developed to tackle this challenge [4].

New music technologies have been pivotal in the creation, production, dissemination,
and consumption of music in the twenty- rst century [5]. The digital revolution of the
1990s made musical experiences portable, accessible, and highly individualized [6]. Mu-
sic education went through a similar transformation as well, with the wide availability of
computers in households as of 2012, offering personalized computer-based education in
the form of Intelligent Tutoring Systems [7]. An intelligent tutoring system is a didactic
tool equipped with techniques meant to emulate teachers and their “ability to adapt to a

speci ¢ student during the teaching process” [1].

1.1 Context

Early pioneers in computer-based music pedagogy enhanced the learning of essential mu-

sicianship, particularly in training fundamental pitch and rhythm skills. Over the years,



computer applications in music education have extended to the teaching of music perfor-
mance skills and music composition skills, with the majority of them following principle
techniques of Computer Aided Instructor (CAl) or Intelligent Tutoring System (ITS) [8].
CAl systems were focused on limited and often singular teaching strategies involving drills
and basic skill practice. These systems were built on encoding and translation processes
that helped convert music from its performed state to a form easily understood by the com-
puter to perform analysis and present feedback [8]. In contrast, ITS are more sophisticated
environments that offer a personalized approach to music education, often meant to emu-

late a teacher and “their ability to adapt to a speci ¢ student during the teaching process”

[1].

Figure 1.1: The proposed structure for an ideal Intelligent Tutoring System as described by
Brusilovskiy, this image is taken from [1]

Brusilovskiy describes an ITS using four main modules:

1. The domain-speci ¢c knowledge is present in tgertisemodule that understands

the subject matter to make informed choices on what is to be taught.

2. Theteaching moduleomprises speci ¢ pedagogical approaches used to teach and

train domain-speci ¢ knowledge.

3. Astudent's interaction with the system is primarily controlled byreerfacemodule

which can also facilitate valuable feedback that helps the learning process.

2



4. Thestudent modulshould be able to understand the student's approach to learning
and personalize the user experience based on the student's progress with the learning

material.

When designing an ITS to teach the fundamentals of rhythm, the teaching module is
most commonly found to be performance-based rhythm recreation tasks focused on learn-
ing basic rhythmic patterns [9, 10, 11, 12, 13]. This means that the interface must be
capable of detecting onsets from the student's performance of the rhythmic pattern and
performing an automatic assessment of the detected onsets to generate valuable feedback
to aid in the student's progress. Furthermore, the expertise module must be musically in-
formed and contain rhythmic patterns that form the foundations for musical rhythm, which

are most commonly found in the curriculum of music conservatories [14, 12].

1.2 Problem Statement

The Application of Mathematics to music theory has been prevalent since the days of
Pythagoras [15, 16]. With the advent of the digital computer, comparative music analy-
sis with mathematical foundations took center stage in music analysis work [17, 18, 19].
Borrowing techniques from the established elds of Information Retrieval and Telecommu-
nications, researchers could extract salient features from large corpora of music databases
to bene t the scholarly study of music, i.e., musicologists [20]. Our motivation for this
thesis is to study prior work analyzing rhythmic features of similarity and complexity to
investigate their application within the expertise module of an Intelligent Rhythm Tutoring
System.

Similarity measurement between a pair of rhythms is at the heart of any algorithm for
comparing and classifying rhythms [21]. In this work, | focus on symbolic rhythm simi-
larity. Where computational models are used to measure the similarity between rhythms
encoded in formats that the computer can easily understand, often text. In this work, | am

interested in models that aim to try and emulate the perceptual mechanisms involved in hu-
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man rhythm recognition when the rhythm is encoded as a binary string of (symbols) 1s and
Os where 1 represents an onset, and 0 is a rest [21]. More on the representation of rhythms
is described in chapter 2.

Rhythm complexity measures the irregularity of a rhythmic pattern [22]. For the sake
of argument, let us assume that an isochronous (occurring at equal intervals of time) series
of onsets can be considered a “regular” rhythmic pattern. However, the robust and ade-
guate measurement of the perception of irregularity of a rnythmic pattern is a multi-faceted
approach that has seen many methods in literature [23, 24, 22]. For this thesis, we are in-
terested in the approaches inspired by the eld of information theory. The main goal of this
thesis is to test the rhythm similarity and complexity metrics using a rhythm reproduction
study where each participant will listen to rhythmic patterns and attempt to recreate the

same patterns. The primary deliverables are:

* Implement a rhythmic pattern syllabus generator informed by established similarity

and complexity metrics.

» Design a web-based experimental interface to conduct the rhythm recreation study,
with highly accurate monophonic rhythmic performance assessment and feedback

capabilities.

» Design and conduct a rhythm recreation study to examine how the similarity and
complexity metrics can be utilized in an expertise module to develop an intelligent

rhythm tutoring system.

1.3 Thesis Overview and Scope

Each deliverable in this thesis signi cantly contributes to the various elds from which we
derived our multi-disciplinary approach. To our knowledge, we are the rst open-source
Python implementations for the chosen computational techniques to measure rhythm sim-

ilarity (Family Theorem Of Rhythms by Erica Cao et al.[25]) and complexity (Coded Ele-
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ment Processing System by Vitz and Todd [26]). We designed an open-source web-based
experimental interface that serves as both a rhythm CAl and a platform for hosting a variety
of experiments. The interface has a exible rhythmic stimuli/syllabus generator module in-
corporating the similarity and complexity metrics. It also features an automatic assessment
system for evaluating participants' performance of monophonic rhythmic patterns. It was
developed and tested using the MAST dataset [27], one of the most extensive annotated data
sets for automatically assessing student rhythmic patterns. The assessment system extracts
relevant features from the participant's performance and provides visual feedback when
required. The rhythm recreation study presented in this thesis is the rst of a larger group
of studies to investigate the effectiveness of computational techniques of rhythm analysis
when used to generate syllabi in a learning environment. For our investigation, with each
participant, we primarily control the order of presentation of the rhythmic stimuli, based
on the similarity and complexity metrics. We are also interested in the interactions that
arise when rhythmic patterns are presented along with supplementary visual information
that represents the pattern. Furthermore, we want to explore how the perception and re-
sponse of participants differ when the rhythmic patterns have pitched onsets compared to
unpitched onsets. We have the following research questions in mind when designing the

experiment:

» Can “computational music theory algorithms” help generate perceptually relevant

syllabi for intelligent rhythm pedagogy applications?

» Can we measure the impact of rhythm visualization and performance feedback on

learners' performance?

» Can we observe an impact on learners' rhythm recreation performance when the

rhythm comprises pitched onsets?

In this thesis, “Computational music theory algorithms” refer to computer-based math-

ematical and computational techniques that are applied to studying and analyzing vari-
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ous musical elements [28], we are concerned about the fundamental musical element of
Rhythm in our study.
We chose to move forward with the selected computational algorithms over a data-

based approach primarily because of the following reasons:

1. Clear Understanding of The Rule-Based Approach:While data-driven machine
learning solutions prove highly effective when data is well-known and goals are
clearly de ned, they are occasionally “black boxes,” leaving us unable to interpret
why the system made certain decisions [29]. Despite our well-de ned goals, com-
prehensive data matching our speci c goals is limited. In contrast, the complexity
and similarity metrics outlined in this thesis employ algorithms that analyze rhythmic
patterns using a set of clearly de ned rules [26, 25], ensuring a robust comprehension

of their functionality and explaining every system output.

2. Correlation with Human Perception: The literature from which we have derived
the similarity and complexity metrics has empirically proven the correlation of their
described metrics with human judgments of similarity and complexity [25, 26]. An
effective learning curriculum can be developed when the concepts that are learned
build upon those that are familiar to the learner (similarity) and progress from simple
to more complex (complexity) [30]. | believe that these algorithms can replicate
this natural progression, and their proven correlation with human judgments only

enhances their credibility.

We conducted the rhythm recreation study with 28 participants across the United States,
who accessed the experiment through a web-based portal found in this link. The data gath-
ered from our experiment implies that computational music theory algorithms can indeed
contribute to the creation of syllabi that align with human perception. However, these re-
sults deviate from my initial predictions. Furthermore, It appears that while incorporating

visual stimuli aided in learning rhythmic patterns, the introduction of pitched onsets nega-



tively affected reproduction performance.

Before delving further, | will outline the structure of this thesis. It is divided into three
main sections: (i) The rhythm generation algorithm (chapter 4), (ii) The computer-aided
rhythm instructor (chapter 5), and (iii) the rhythm recreation experiment (chapter 6 & chap-
ter 7). In chapter 2 | will provide preliminary discussions on de nitions and notations used
throughout this thesis, while chapter 3 will offer an overview of relevant literature pertain-
ing to each signi cant section. Finally, in chapter 8, a comprehensive discussion of all
components will be presented in the context of the rhythm recreation experiment.

Throughout the remainder of this thesis, | will interchangeably use the terms “rhythm

recreation” and “rhythm reproduction”; both refer to the same task.



CHAPTER 2
PRELIMINARIES

2.1 Terminology

A dizzying variety of rhythmic terminology has been used in musical practice and scholar-
ship, often inconsistently and imprecisely [31]. Thus, | will use this chapter to clarify the

meaning of a few of the rhythmic terminology used in the remaining chapters.

Figure 2.1: An illustrative example of a rhythmic pattern to demonstrate the relationship
between the various terms that make up the pattern.

The operational de nition ofhythm| will use in this thesis is taken from an article
in Groove Music Online by Justin London [32Rhythmis the “description and under-
standing of the duration and durational patternings of musical notes” [32]. A duration can

be understood as the time units between musical notes, and we de ne a fundamental and



indivisible time unit as gulse Cooper and Meyer de ne a pulse as “one of a series of
regularly recurring, precisely equivalent stimuli” [33]. The duration of a rhythmic pattern

is composed of several pulses. A pulse is an isochronous event that can be compared to
the regular ticking of the second arm on a clock face. There needs to be an instantaneous
attack to mark the beginning of the duration. It can be anything ranging from striking a
drum, sounding a musical note on the keyboard, or even the strum of guitar strings. The
instantaneous attack is called amsetand is de ned as an instantaneous attack that marks
the beginning of a duration gfulses In terms of the pulses contained in it, the duration
between twansetdss thelnter-Onset Interval Figure 2.1 shows an example of a rhythm

and how the terms de ned above relate to each other.

The termmeterdepends on organizing a sequence of isochronous pulses into strong and
weakbeats[34, 35, 33]. The meter subdivides a duration of pulses equally, and the pulses
that reinforce the subdivision are de ned bsats When you listen to the isochronous
pulses of a metronome, you hear the strongly accented pulses that reinforce the subdivision
and the meter.Meter creates a hierarchy and structure for the duration of pulses, and
this structure is often realized by theats[22]. This duration structure can be described
using thetime signature It describes where the beats are in relation to the pulses. A time
signature of 4/4 indicates four beats in 16 pulses. The 4 in the denominator indicates the
pulses to have a 16th note inter-pulse interval or note value. Similarly, 8/4 indicates that
there are eight beats in 16 pulses. Finakymporefers to the rate at which the musical

pulses are generated, and it also controls the number of pulses for a given duration [10].

2.2 Representation

Musical rhythms can be notated or encoded in abstract representations of their onset pat-
terns. Western music notation (Figure 2.2 (a)) is the most widely used rhythmic notation.
However, our system requires a computer-readable notation that can encompass the skele-

tal pattern of the rhythm, removing most musical aspects of the rhythm. The differences



and similarities between the two are described below.
The representations used in this thesis are described with the help of a famous Afro-

Cuban rhythm, the Clave Son, shown in gure Figure 2.2 (a).

(@) (b)

Figure 2.2: The Clave Son Rhythm example to showcase the different types of rhythm
representation used in the thesis. (a) The Clave Son rhythm in music (stave) notation. (b)
The Clave Son rhythm in binary notation.

Figure. Figure 2.2 (b) shows the Clave Son rhythm as a binary string, a notation that
describes the position of the onsets and silences. This notation is used in the domain of
computer science [16]. Each digit represents a single pulse, with the total number of digits
indicating the number of pulses. The value of the digit itself indicates whether, in a par-
ticular rhythmic pattern, an onset occurs on this pulse (1) or not (0). This representation
enables faster computation and integration of rhythm patterns into our developed systems.

This representation of a rhythm pattern will be referred to as the binary rhythm pattern.

10



CHAPTER 3
BACKGROUND WORK/ LITERATURE SURVEY

In this chapter, | will review the relevant literature and bodies of work that have motivated
and inspired the contents of this thesis. Each section in this chapter will cover a key area

of music technology research to which this thesis aims to contribute (chapter 1).

3.1 Intelligent Rhythm Tutoring Systems

A number of intelligent rhythm pedagogy systems, both academic and commercial, have
been released. The earliest known computer-based rhythm pedagogy systems were Robert
W Placek’s dictation-based music theory tuRHYTHM[36] and Fred T.v Hofstetter's
GUIDO system [12]. Both were focused on an aural-basgoring module, where the
students were to demonstrate their knowledge of the relation of rhythmic notation to the
aural rhythmic pattern [36, 12]. In RHYTHM [36] every two weeks, the data from the
computer was printed out and included with the (i) total time spent on the program, (ii)
number of tries on each pattern with an "OK' or 'NO' response attached to each of them.
RHYTHM and GUIDO had the ability to de ne tasks, demand input and quickly judge the
input to give the students feedback, meeting all the primary requirements of a Computer
Assisted Instructor (CAl), a precursor to Intelligent Tutoring Systems. Wiggins and Trewin
2002 moved on from a dictation-based system to one that judged student rhythm perfor-
mance [13]. Tapper had a unigugerface modulavith the rhythm performances being
tapped onto “one or several input deviceJAPPERalso showed early signs of su-

dent module with adjusted lesson material in response to student performance. In 2011,
we saw the release of an unprecedentedly sophisticated tutoring module in Tactus [14], a
new computer program for rhythm training conservatories, music schools, and universities.

The program's main goal was to allow users to perceive and produce rhythmic patterns

11



in meters of 2 and 3 beats, in simple and compound beat division. It used a keyboard
interface to input student performance and was designed with a very exparpesise
module that was divided into 12 work units, which contained several rhythmic activities
and exercises that required the users to put several rhythm skills into practice [14]. The
content for theexpertise modulevas selected from the Music Curriculum at Spanish Mu-

sic Conservatories. Theaching and interface moduiecluded evaluating student rhythm
performances on the keyboard and presenting motivational audio commentary feedback
[14]. They implemented a simple performance assessment measure to calculate the user's
time deviations from the pattern's expected ideal inter-onset intervals. Their system was
evaluated by placing it in Music Educations institutions in Spain and Chile, receiving pos-
itive feedback. Tactus also implemented a rather impressiagent moduleto keep track

of learner progress and skill level to alter the lesson plan based on student-speci ¢ needs.
One of the most recent Intelligent Rhythm Tutor implementatioRhythm Labby Jon
Ensminger [9], a commercial iPad app interface focused on tapping performance exercises.
The app is packaged with performance growth tracking through a xed syllabus. You can
nd a comprehensive review of Intelligent Rhythm Tutoring Systems in Rhythm OLMITs

by Derek Kwan [11]. Derek implements a beat-centered intelligent tutoring system, pro-
viding the learner with visualization of their progress.

Though interface, tutoring, and student modules have been extensively explored, no ex-
isting computer-based rhythm education tools have explored automated solutions to pop-
ulate theexpertise moduleof the pedagogy system. Most systems have been based in
expert-advised syllabi, using a static corpus of possible rhythm combinations to present
appropriate lessons, like conservatory syllabus [14Da[10] is one of the rst examples
of a rhythm pedagogy system that addresses the use of a complexity metric to generate
binary strings of rhythmic patterns and presents them to learners in increasing order of
complexity determined by the metrideOais an Intelligent Rhythm Tutor allowing reg-

istered users to learn basic rhythm patterns. It was hosted as a web application that can
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de ne rhythm reproduction tasks, demand audio input from the users, and quickly judge
the rhythm performance audio input with respect to the expected rhythmic pattern. We also
implemented a unique rhythm visualization framework to give the students feedback on
their inter-onset timing deviations. In this thesis, we investigate the application of rhythm

similarity and complexity metrics to generate rhythmic syllabi foeapertise moduléNe

will borrow design blocks fromieOato implement a Computer Assisted Rhythm tutor to

help us with our investigation.

3.2 Rhythm Similarity

Designing a mathematical measure or computational model of symbolic similarity analysis
is a fundamental problem in computational musicology. It nds many applications in mu-
sic information retrieval, copyright infringement, and pattern recognition tasks [21]. Itis a
common feature for a musical experience to resemble something we have heard. Making
the identi cation of musical similarities a very important aspect. Most music-making em-
ploys manipulations of source material to create something new and compositional meth-
ods appear to place greater emphasis on (inexact) variation of materials [37]. Rhythm is
a signi cant component of our cognitive criteria for recognizing similarity [37]. Hence

it is desirable to have a mathematical measure of rhythm similarity that correlates well
with human judgments. The emergence of one such mathematical measure may provide
the necessary tools to understand the perceptual mechanisms involved in human rhythm
recognition. Most of the early mathematical treatment of similarity analysis has been lim-
ited almost entirely to the vertical aspects of music (pitches, scales) and virtually ignoring
the horizontal dimension of rhythm and time [21]. Before diving deeper, let us rst de-
ne what similarity means and ask, “When are two things similar?” According to Huron in
[37], when we say that “two melodies are similar,” we are using an unconscious short-hand,
in which we neglect to identify the speci ¢ qualitative dimensions according to which the

melodies are “close.” The task of measuring similarity involves both qualitative and quan-
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titative questions. The rst task for an analyst is to identify the properties for comparison,
which de nes how the given patterns are similar. Next, they must attempt to characterize
this qualitative dimension with a quantitative similarity metric or a degree of closeness on a
scale. It should be clear from this de nition that similarity does not mean equivalence, the
main difference between the two lies in the property of transitivity. Wherein, equivalence
if a=b and b=c, then a =c. However, if a is similar to b and b is similar to c, it does not
necessarily follow that a is similar to ¢ [37]. Similarity measurement between a pair of
rhythms is at the heart of any algorithm for comparing and classifying rhythms [38]. The
two most important questions that are asked in the design of a similarity metric are: what
should be measured, and how should it be measured? To be able to answer these questions,
Huron states that it is necessary to de ne a pattern grammar [37]. The pattern grammar in
this context is the representation format for the given pattern, which helps us answer the
what. Toussaint in [21]describes various methods for measuring the similarity of rhythmic
patterns when the pattern grammar is a 16-bit binary string sequence (e.g., 11011001). A
natural metric we can use to quantify the similarity between a pair of patterns in this for-
mat will be the hamming distance, which counts the number of positions in which the two
rhythms disagree. This is a simple measure for the “how”[21]. The choice of similarity
metric depends on its application. A pedagogical application involves human judgments;
hence, obtaining a metric that correlates well with human perception of rhythm similarity
is desirable. One of the most popular measures for two arbitrary musical sequences repre-
sented as strings of symbols is the edit distance [39], which is well known in text and string
processing and was shown to have a high correlation with human judgments of similarity
in [21]. The edit distance between two sequences is the minimum number of insertions,
deletions, and substitutions needed to convert one string into another. The general goal
of Toussaint's studies was to test the robustness of the edit distance's correlation with hu-
man perception. In the experiments, the participants were tasked with explicitly stating

if the second rhythm in a given pair of rhythms was similar to the rst one. The listener
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was free to create a metrical interpretation of the stimuli they were presented. However,
the edit distance was not studied in the context of the metrical theory of rhythm or tested
for musicological relevance. Erica Cao et.al in [25] introduced the theoryaafily of
rhythms and showed through a series of experiments that the similarity between rhythms
depends on their temporal pattern of onsets and their families. The experiments conducted
included explicit judgment tasks similar to the ones conducted by Toussaint [21], along
with tasks that required the participants to reproduce the rhythm at a tempo well within the
constraints of an accurate performance [40]. A combination metric of edit distance and a
modi ed version of the family theorem was presented in [41] and experimentally shown to
correlate highly with human judgments. They evaluated their Pad and Sad similarity metric
with an explicit rating task, where participants listened to A and B rhythms and rated on a
7-step Likert scale for how similar the pair of rhythms are[41]. We found that there is a lack
of exploration in the use of perceptually relevant similarity metrics from the perspective of
pedagogy and rhythm syllabi creation. In this work, we will implement tiaenfly theo-

rem of rhythrmiand conduct a rhythm recreation (reproduction) task to study its application

from a pedagogical perspective.

3.3 Rhythm Complexity

The de nition and interpretation of complexity are unique to each academic eld. The early
interpretation of rhythm complexity considered irregularity of rhythm, often as a result of
musical syncopation [42]. In the 1960s, research began to apply Shannon's information
entropy to determine the complexity of rhythms [26, 43]. Shannon's information entropy is
a measure of surprise or uncertainty [44]. It helps us understand how much information we
gain when we learn the outcome of something uncertain or random. Complexity can also be
measured by searching for patterns within musical rhythm. Pressings determined rhythm
complexity with a hierarchical approach. Splitting a rhythm based on metrical hierarchy

and searching for syncopated patterns within each division [45]. The metrical hierarchy
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was determined by those beats that agree with the prevailing meter [45]. Different forms of
hierarchy-based pattern matching were developed in the work of Tanguiane and Keith [46,
24]. Toussaint and Gomez describe distance measures to quantify rhythm complexity, [47].
The distance measures calculate how far away a rhythm is from a more straightforward
rhythm composed of beats. There is also mention of rhythm complexity in psychological
literature where studies compared rhythm complexity measures to the human subjectivity
of complexity [48, 49, 50].

Complexity measurement is clearly a multi-faceted problem [45], resulting in many
techniques to quantify the complexity of musical rhythm. Eric Thul [22] presents an
exhaustive literature review of rhythm complexity measures in literature. The thesis im-
plements and validates several formal rhythm complexity measures we have listed above.
Furthermore, they evaluate the rhythm complexity measures with an exhaustive review
of psychological experiments that compare the human subjective measures of complexity
in perception and performance. Our work focuses on implementing and applying purely
mathematical measures based on Shannon's information entropy [44]. Particularly Vitz
and Todd's Coded Element Processing System, which models humans' ability to code and
organize patterns from smaller simple units to composites of those units that make up the

rhythmic pattern.

3.4 Music Performance Assessment

The rapid development of music technology over the last few decades has dramatically
changed how people interact with music. Dittmar et.al [51] explore the use of Music Infor-
mation Retrieval (MIR) techniques in music education and their integration into learning
software, in particular outlining the Song2See as a representative example of a music learn-
ing system developed within the MIR community. Songs2See is a music game developed
based on pitch detection, sound separation, music transcription, interface development, and

audio analysis technologies [52]. Despite advancements in these sound analysis technolo-
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gies, Eremenko V, Morsi A, et al. in [53], revealed that the performance assessment tools
present in these applications are still not reliable and effective enough to support the strict
requirements of a professional music education context. The authors in [53] provide a
review of work done in the eld of automatic music assessment and present a proof of con-
cept for a complete assessment system that supports guitar exercises. Furthermore, they
identify the challenges that should be addressed to further advance these assessment tech-
nologies and their useful integration into professional learning contexts. Particularly, those
that will help learners to plan, monitor, and evaluate their learning progression [53]. An
important highlight is the importance and requirement of presenting the assessment results
to a learner in a way that “promotes learning” [53]. Lerch, A, et al. [54] also present a
survey of the eld of Music Performance Analysis (MPA), highlighting the ability of mu-

sic performance assessment to provide insights and interactive feedback by analyzing and
assessing the audio of practice sessions [54]. In this thesis, | am focused on the music
performance analysis of monophonic rhythmic patterns. In the eld of music performance
analysis, the dimension of rhythm is less explored. The earliest work to be mentioned is the
“CAMIT” project by Graham Keith Percival in 2003 [55]. Percival, in his thesis, describes
the design and implementation of a computer-aided music tutor that aids in student practice.
CAMIT consists of targeted rhythm exercises, with an automatic assessment of the student
performances of the exercises [55]. The students performed rhythms of various dif culty
levels by clapping and recording the audio of their performances. The performance assess-
ment was conducted by nding the optimal offset/shift of the detected onsets, resulting in

a minimum Mean-Squared Error (MSE) [55]. The MSE is computed between the inter-
onset intervals of the performed and reference rhythmic pattern. The MSE results were
used to grade and provide feedback to the studéeBaapplies a similar approach where

we assumed that the tempo of the student performances and the tempo of the reference
patterns would be the same. Uyar and Bozkurt improved upon this measurement to assess

student performances where the tempo of the performances did not match the reference
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[56]. This complicates the assessment as the system needs to account for time scaling and
stretching of the detected onsets to align them with the reference for grading. Uyar utilized
time scaling to align the time durations of student and teacher performances. This align-
ment was achieved by synchronizing both performances' initial and nal onsets. Uyar's
method involved assigning different levels of importance to different durations between
onsets and disregarding differences smaller than a speci c threshold. This threshold was
set based on the assumption that minor deviations below it wouldn't be perceptible to the
ear. The study employed different metrics to measure the distance between performances.
These metrics included Hamming distance, Euclidean distance, and Percival's distance.
The study then compared the assessment outcomes obtained through these metrics with
human evaluations, which were categorized as binary decisions (pass or fail). The study's
ndings revealed that the rst two distance metrics (Hamming and Euclidean) exhibited a
stronger correlation with human judgments than the last metric (Percival's distance). The
work of Chih-Wei Wu and Alexander Lerch in [57] presents an unsupervised feature learn-
ing approach for assessing percussive instrument performances amongst extensive data of
audition performances, mimicking a judge in this scenario. Buzkort also proposes a deep
learning architecture to perform the automatic assessment on onsets extracted from the au-
dio le [58]. Their model was trained and tested on the rhythm pattern imitation MAST
Data Set [27]. The test results of their pipeline highlight that the onset detection and pre-
diction of onsets from the audio le is the most critical process for accurate assessment
[58]. In this thesis, | will present the implementation of an automatic rule-based assess-
ment pipeline for audio rhythm performances, that improves upon the assessment system
found in1leOa The primary focus is improving the onset detection process and aligning the
tempo agnostic performed onsets with the reference onsets. Our grading incorporates both
MSE calculations and uses the edit distance metric to grade the participant's performance.
The choice between keyboard/MIDI inputs and an audio-based system required careful

consideration. | chose the audio-based approach due to its alignment with natural learn-
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ing scenarios, capturing musicians' unique nuances and variability. While keyboard/MIDI
inputs provide accurate timing, they lack the authenticity of musicians' real-world expres-
sions [59]. The audio-based system better mirrors musicians' learning process and allows
for future research into complexities like instrumentation, timbre, and dynamics. An audio
based pipeline expands the system capabilities beyond just timing analysis, facilitating a

comprehensive exploration of the performative aspect of rhythm learning.
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CHAPTER 4
RHYTHM GENERATION

This chapter explains the computational metrics used to inform the expertise module. Two

main criteria are used: rhythmic similarity and rhythmic complexity.

4.1 Rhythm Similarity Metric

Proposed by Cao et al. [25he family theorem of rhythngroups rhythms that have the
same “pattern of onsets,” or temporal sequence of inter-onset intervals, into “families.”

Each family is de ned with the help of three broad categories:

» Syncopated onsetS( level) challenge the meter of a pattern, anticipate the beat,

and are relatively unpredictable.
* Onbeat onsetd\| level) maintain and reinforce the meter of a pattern.

» Other onsets® level), such as ties and rests on the beat. For a rest on the beat to be
categorized a® level, it is necessary that the rest does not precede a syncopated

onset.

These three events are presented as mutually exclusive and exhaustive, and they are notated

as follows:
1. Sfor syncopation,
2. N for notes on the beat,
3. O for other events.

Our system needed to implement an automated system for annotating and generating

rhythms based on the family theory.
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To apply the family theory in rhythmic practice, we must rst decide the metric interval
at which we categorize onsets: thirty-second, sixteenth, eighth, or quarter notes. (This step

is implicit in much of Cao et al.'s writing.)

Figure 4.1: A pictorial depiction of the various families that the Clave Son Rhythm belongs
to. Each family categorization is dependent on the meter that we choose to analyze the
rhythm from

Consider the example in Figure 4.1, a familiar Clave Son rhythm. The Clavej—‘lis in

meter, so if we target the sixteenth-note beat interval, there are sixteen beats to categorize
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asN, S, or O; note that the classi catiors is made on the beat which the particular
syncopatioranticipates The top panel of Figure Figure 4.1 shows the binary representation
of the rhythm at the sixteenth-note level.

When a rhythm is notated in the binary format, the general algorithm for classi cation

can be described as follow:

Algorithm 1 Family Theorem Classi cation

Input: Binary array of rhythmic pattern array with 1's for onsets and 0's for rests, beat
interval (4,8,16,32, etc.)

Output: Family of the rhythmic pattern

Input variables
pattern =[1;0;0;1;0;0; 1,0;0;0; 1, 0; 1; 0; 0; O]
beatinterval = 8

Output variable
familyCategory =[]

stride = 16=DbeatInterval

max| = length(pattern)=stride

For i ranging from0 to maxI
if (pattern[i stride] ==1)
familyCategory [i] = N;
else if (pattern[i stride] == 0)
if (i==0)
familyCategory [i] = O;
else if (pattern[i stride stride=2] == 1 and stride 6 1)
familyCategory[i] = S;
else
familyCategory [i] = O;

The crux of the algorithm is to search for the presence of an onset or a rest at each
beat interval. Thestride variable directs iteration through the pattern at the desired
beat level peatinterval ). At each beat position, the algorithm appends a value to
the familyCategory array based on the presence of an onset at that position (or the
previous position). If there is an onset at the current position, “N” is appended; If there
is instead a rest at the current position, the algorithm checks the position one-half stride

preceding the current position—if there is an onset there, an “S” is appended, otherwise
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“O”. For beat intervals greater than sixteenth notes, the algorithm generalizes only for
patterns with an even number of beats. To overcome this limitation, whenever an odd beat
pattern is detected, the pattern is repeated by a power of two depending on the beat interval
at which we want to categorize the family. For example, the pafiefh 1; 1; 1] (length=
5) for categorization at an eighth note level is repeated and increased to a height of 10. In
this thesis, all experimental work is limited to even patterns.

Consider again the Clave Son pattern from Figure Figure 4.1. Applying the algorithm
above: At the eighth-note level, the family it belongs tgNsO S N O N N O]; At the

guarter-note level, the family it belongs tojid O S N].

Generating Rhythms With The Similarity Metric

Now that | can categorize rhythms based on the family theorem, the next step is to generate
all the possible rhythms that belong to a particular family. The goal is to accept a rhythmic
pattern in the binary format (“seed pattern”), identify the family the pattern belongs to, and
then search for beat positions to insert or remove onsets based on the rules that would not
alter the pattern's family. This allows me generate variants of the seed pattern that keep the
new patterns formed in the same family.

The rhythm generation algorithm takes advantage of classi cation rules that are depen-
dent only on the presence of an onset or rest at the current beat position, or if an onset

precedes a rest on the current beat at half the beat interval.

Figure 4.2: An illustration to highlight the beat positions that are of interest when classify-
ing a rhythmic pattern's family.

In Figure 4.2, for a sixteenth-note pattern, these prominent beat positions are high-
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lighted with an arrowhead when analyzed at beat intervals of eighth and quarter-notes.

From this, we can deduce that:

1. If an "N' is followed by an "N, we can insert/ remove onsets at the subdivisions

preceding the second "N," and the resulting pattern will still belong to the same family

2. Ifan 'N'is followed by an "O', we can only insert or remove onsets at the subdivision
otherthan the position preceding the "O' by half a beat interval. Ading an onset there

would change the "O'to an 'S, thereby changing the family.

3. Ifan 'N'is followed by an 'S,' we can insert/remove onsets at every subdivision other

than the onset which causes the syncopation.

4. So long as we obey these three constraints, we can freely add or remove onsets in

any combination without changing the family.

Following these deductions, the script | wrote can generate the following variants for the
Clave Son, in its eighth-note family level:

Table 4.1: Clave Son Variants In The FamiiVO SN ON N O]

NOSNONNDO

seed {1001001000101000
variant1{ 10010010001010002
variant2| 100100100011000
variant3| 100100100101000
variant4/ 100100100101001
variant5/10010110001010040

The algorithms described in this section were developed and tested using the exhaustive
examples of rhythmic patterns found in the Similarities and Families Of Musical Rhythms

publication [25].
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4.2 Rhythm Complexity Measure

Vitz and Todd in [26] presented a model of how humans perceptually process sequen-
tial patterns, building on the established body of literature showcasing humans' ability to
code or organize stimulus sequences into larger and “simpler” units [26]. For a binary
sequence of events, e.g., onsets and rests, Vitz and Todd present a procedure where a re-
peating rhythmic pattern can be coded into hierarchical levels of “perceptual organization.'
The procedure attempts to represent the whole pattern at each level as a sequence of "coded
elements." Coding the elements at each hierarchical level is determined by the following
axioms [26]:

Axiom 1: The onsets or rests (1s or 0s) represent the Code Level 1 elements. This code
level is denoted asl.

Axiom 2: Theel elements are then coded into “runs,” where a run is the grouping of
adjacent 1s or Os until we encounter the element that is opposite to which what makes up
the run. The runs represent Code Level 2 elements, denoeki ashere n represents the
number of elements in the run.

Axiom 3: Adjacent elements from code level 2 are grouped to form a new element
called a composite, denoted a8. €2 depicts the perceptual grouping of an alternation,
where a change is detected among a group of like elements. The grouping of sequential
elements from code level 2 into a composite element continues urgil alement (the
element that makes up the run) is encountered that already exists in the composite. The
following composite begins from that element.

Note: In the case of cyclic patterns, there can be different composite con gurations de-
pending on where the one starts. To handle this, the con guration with the smallest number
of composites is chosen; otherwise, the system does not distinguish between con gurations
[26].

Axiom 4: Group thee2 elements into runs, following the procedure in axiom 2. These
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elements are Code Level 4, denoted as en2.
Axiom 5: Apply Axioms 3 and 4 operations to form new composite elements and runs.
Axiom 6: The stopping criterion for the nal code level is when the pattern is formed
as a coded element (The composite formed is the whole rhythmic pattern).
The algorithm presented above generates a hierarchy of increasingly larger elements
that reduce in number as we move from one code level to the next. The Clave Son pattern

would be analyzed as follows:
* (units)e; 1001001000101000
* (runsk; (1)(00)(1)(00)(1)(000)(1)(0)(1)(000)
. (composite)e, (100)(100)(1000)(10)(1000)
« (runs)e} (100100)(1000)(10)(1000)
« (composite)e; ((100100)(1000))((10)(1000))
* no run can be made
« (composite)e; ((100100)(1000)(10)(1000))

The next step is to calculate the complexity associated with each level. The complexity
measure relies on the calculation of information entropy as described by Shannon [44].
Information entropy, a measure of uncertainty, is widely used as a proxy for perceptual

complexity [26]. Consider the following equations below:

X
H(X) = p(x)logp(x) (4.1)
x2X
X X
H(XY) = p(X; y)logkp(X;y) (4.2)
x2X y2Y
- X X -
H(X]Y) = p(y; X)1ogp(yjx) (4.3)
x2X y2Y
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These equations help us calculate the information entropy, joint entropy, and condi-
tional entropy. The conventions used here are that we assume X and Y are discrete random
variables that take on valugs?2 X andy 2 Y, respectively. In our case, the random vari-
able X can be any elements that make up the particular code level we are conducting our
uncertainty analysis. The random variable Y will be the length of each element at the code
level. p(x) is written forP r (X = x) (i.e., the probability that X takes on x) it is calculated
based on the frequency of each element at the codeRa\@l. = y) is calculated based
on each element's length and its respective occurrence frequency at the codp(bewel.
is written forPr(X = xandY = vy), i.e., the joint probability that the element that X,

(X = x) takes on has a length = y, andp(yjx) is written forPr(Y = y; given X = x)
(i.e., the conditional probability of the length that Y takes ony, given that X is an element
X).

Using Shanon's equations, Garner [60] developed the multi-variate uncertainty analy-

sis. Vitz and Todd decided to use Garner's analysis because it met the following criteria

[26]:

1. The method of evaluation is capable of representing the uncertainties associated with
two dimensions of the elements, element type (rest & onset combinations) and ele-

ment length;

2. it also re ects the transition or conditional uncertainty arising from the “sequential

processing of the coded elements' [26]
3. the analysis is familiar and a well-developed method, not speci cally created.

At each code level, the analysis calculates two uncertainty values. The maximum uncer-

tainty, Hmax, and the joint uncertainty, Hjoint [60, 26] whose equations are below.

Hmax (X1 Y1; X2, Y2) = H(X1) + H(Yy) + H(X2) + H(Y2) (4.4)
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Hioint (X1; Y1; X2; Y2) = H (X 1) + H(Y1jX1) + H(X2jX1; Y1)

+ H(Y2)X1; Y1; X)) (4.5)

Let X ; andY; represent the discrete random variables that take on the element type and
length of the element at the code level,,ax measures the uncertainty of the occurrence
of the random variables, with the assumption that each random variable is uncorrelated.
H; oint measures the uncertainty of random variables' occurrence given their correlation
[60, 26].

We calculate the sum of the,ax andH;oint measures at each code level and store
it in the variableH*, where k represents each code level ranging from 0 to n. The total

uncertainty value of the rhythmic pattern is then calculated using the Equation 4.6.

xXn .
Hcode = H
k=1 (4.6)

+ HKkK

H* = HrI:laX joint

| have implemented Vitz and Todd's Coded Element Processing System (CEPS) as a
Python library of functions that calculates the complexity of binary string rhythmic pat-
terns. The complexity measures are pre-calculated for all the combinations of patterns with
a beat length of 16. We can observe from the procedure that the complexity measures will
be identical for patterns that are inversions of one another, where 1's (onsets) replace the 0's
(silences), and vice versa. For examplg,00Jand[0011]have the same complexity mea-
sure of 5.0. To tackle this, | consider those patterns that begin with a 0 as off-beat patterns
and assume they present a higher challenge to learners. Hence, | incremented a constant
value to the complexity measures for all those patterns that begin with a O (silence). The
constant value within a beat length was determined by the highest complexity measure for

the patterns that begin with 1 (onsets).
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CHAPTER 5
COMPUTER-ASSISTED RHYTHM INSTRUCTOR

This chapter describes the design and implementation of a computer-assisted rhythm in-
structor to be used as an experimental interface to conduct rhythm recreation tasks. The
interface builds off the baseline rhythm tutoring system found in 1e0Oa [10]. Figure Fig-
ure 5.1 shows the general overview and system blocks.
| built the web application using Flask, a micro-web framework written in Python [61].

The ask interface can generate audio les of rhythmic patterns that each participant can
listen to, allowing the participants to record and store a replication of the stimuli they just
heard as an audio le. The system then evaluates the recorded audio to provide visual

feedback on the correctness of the stimuli recreation.

5.1 Rhythm Player

The rhythm player is basically an onset generator function. The function takes input pa-
rameters determining the number of pulses (cycle length), the rhythmic pattern as a binary
string array, the pattern's tempo, and the total number of repeats. It generates a duration of

pulses whose inter-pulse interval (IPI) is determined by the equation Equation 5.1.

IPI =((60=PPM) fJ) (5.1)

Since we are working with digital audio, the total duration of a rhythmic pattern is
determined by the total number of samples in the audio signal. The uniform number of
samples between two subsequent pulses will be our inter-pulse interval (IPI) unit. That is
why the IPI depends on the rhythmic pattern's sampling frequency and tempo.

P P M represents the Pulses Per Mindtgrepresents the sampling frequency, &0dl
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Figure 5.1: The block diagram for the Computer-Assisted Rhythm Instruction interface.
Showcasing the interactions between three main modules; (i)Pattern Player, (ii) Perfor-
mance Assessment, (iii) Performance Visualization

represents the xed Inter Onset Interval (101).

The pattern array is a binary representation of where the instantaneous attacks (onsets)
are placed concerning the pulses. It determines the location of onsets and the duration
between onsets in the rhythm, with 1s for onsets and Os for rests (silence) [21, 10]. For the
Clave Son: [1001001000101000], at 18® M, with four repeats, at afy of
44100. The function generates an array of pulses, as shown in Figure Figure 5.2(a).

The next stage of the rhythm player adds tonal quality to the onsets by convolving
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(b)
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Figure 5.2: A visual representation of the various steps involved in the Rhythm Player
function (a) The output of the Pulse Generator; (b) Hi-Hat Drum sample impulse signal;
(c) Convolution result of (a) and (b).

them with an appropriate audio sample. The audio sample is usually a short recording of a
particular percussive sound. For the best-sounding rhythmic patterns across a wide variety
of 10Is, the sample selected must have an instantaneous attack and short decay, as shown

in gure Figure 5.2(b), which is a hi-hat sample.
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The convolution property of the Discrete Fourier Transform allows us to speed up the
onset generation as we can reduce the computation required for the convolution operation
to a simple vector multiplication of the FFT of the short audio sample and FFT of the array
of onsets [62]. Our implementation uses the Fast Fourier Transform (FFT) algorithm found
in the Scipy library in Python[63]. Let us consider the audio outpuhe pulse generator
outputx, and the audio sample to be convolved withha3he FFT of these variables will
beY; X and H. The convolution is shown below:

Y=X H
(5.2)
y=IFFT(Y)
The Inverse Fast Fourier Transform (IFFT) operation in the Scipy library will transform the

convolved outpuY from the frequency to the time domain and be played to the participant.

Figure 5.3: A Block diagram for the Rhythm Player module.
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The block diagram for the system described above is shown in Figure 5.3. The output
of the rhythm player for the Clave Son rhythm at 18 M and four repeats is the audio

signal Figure 5.2(c).

5.1.1 Melodic Rhythm

| wanted to expand the rhythm player's ability and have it create a “melody” from a given
binary rhythm array to generate experimental stimuli of rhythmic patterns with pitch infor-
mation. To achieve this, | had to implement a function that provides a list of all the notes
that belong to a requested scale. For example, suppose the scale D major was the input
parameter. In that case, the function outputs the list of notBs E[, F(sharp), G, A, B,
andCsharp)]. This was made possible with the extensive json database of scales [64].
Since the onsets tonal qualities result from the convolution between the pulse generator
block and an audio sample, the list of notes is used to select relevant audio samples from
a library of chromatic notes (all 12 notes from C to C) played by a marimba. The library
was compiled using the DAW Logic Pro and a digital marimba instrument controlled using
a MIDI keyboard.

The melodic contour is an input parameter of the rhythm player. This functionality de-
termines if the notes with the rhythm are heard as a random melody, ascending, descending,
or moving up and then down the scale of notes, providing more control over the stimulus

generation.

5.2 Performance Assessment

My goal was to design an automated assessment system capable of extracting onsets from
an input audio le, aligning these onsets with the reference onsets from the expected rhyth-
mic pattern, and generating a score for how well the participant reproduced the rhythmic
pattern. Tactus has implemented this system ([14]) as a keyboard input-based system where

the users perform the rhythmic patterns as keyboard taps. The inter-onset time intervals of
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the keyboard taps are used to calculate a deviation from the 10ls of the expected rhythm.
The average deviation helps provide a score determining if the user needs to repeat the
current pattern or has successfully passed onto the following rhythmic pattern [14]. The
approach of using midi/sensor-based inputs is often found in the literature for rhythm tutor-
ing systems [11, 9, 13]. Even though this approach would've worked well for our purposes,
we did not want our participants to be constrained to using their computer keyboards or a
midi instrument. We wanted a more natural approach to performing the rhythmic patterns
where they can clap the pattern, tap on desks, or even use a percussive instrument. This
will allow the participants to experience embodiment with the rhythmic pattern similar to
when you tap your feet or dance to the rhythm of the music [33]. We will rst describe the
performance assessment system found in 1e0a [10], which will serve as the baseline for the

improved system that was eventually implemented for this thesis.

5.2.1 Performancéssessmenbystemn 1eOa

In 1e0a, once the learner listens to the generated pattern, their performance is recorded
and loaded onto the system. We rectify the recorded audio s{ghatith a threshold,
Zivreshold = Zmax =4, and this was an attempt to help reduce the number of spurious/ random
onsets that the onset detection function outputs by handling the low-magnitude noise in the
live recording environment.

We used the onset detection function de ned in the Librosa python library [65]. A
sample of the recorded input and the extracted onsets (in red) are shown in gure Figure 5.5.
IOIs are calculated from the onsets detected in the recorded audio signal. We refer to this
aslOl jnput - The 101 for the reference pattern is described@bgenerated -

The deviation1Ol generated 101 input , for each 101, is calculated to be the error in temporal
performance at each onset. We pad the audio if the participant performs with fewer onsets
than the reference pattern, and we ignore the extra onsets if the participant plays more

onsets than the reference. The error is stored as a matrix where the number of columns is

34



Figure 5.4: The block diagram from the performance assessment pipeline UsShjh0]

@
(b)

Figure 5.5: Visual example for the functionality of tie0aperformance assessment
pipeline. (a) Recording audio input; (b) Onsets detected from the input, shown as red
vertical lines.

equivalent to the number of onsets in a repeat, and the total number of repeats makes up

the number of rows. For the Clave Son, there atésFonsets) and 10's (silence) played
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Figure 5.6: An exampldX 5 error deviation result for a pattern with 5 10ls.

four times, resulting in @X 5 matrix as shown in Figure 5.6.

From the error matrix, we calculate two sets of averages:

1. The deviation of each 10l within a repeat is calculated by nding the average value
from each column of the error deviation matrix. Resulting iBXal average onset
error array. The calculated result indicates the timing error at each expected onset
position. A negative value implies a larger 101l between the performed reproduction
and the expected patterr'®I . i.e., The performer is slower/dragging. A positive
value suggests that the performer played it faster (they are rushing) than what was

required.

2. The next set of average values represents the error deviation of a learner across all
their repeats. This is calculated by averaging each row of the error matrix. Resulting
in a4X 1 array. This depicts the participants' performance consistency and indicates

if the timing error is consistent across repeats.

The two sets of average values helped us generate a score out of 100 that determined if
the user had successfully recreated the rhythmic pattern. This methodology was integrated
into the system, and we ran a pilot study successfully [10]. However, through the pilot, we

observed signi cant weaknesses within the system:

1. We assumed that, at all instances, the tempo of the student performance would match
the expected rhythmic pattern, we did not apply any time stretching to the audio
input, nor did we stretch the onset times to align them with the expected onsets

2. Any onsets that were missed or added could not be detected by position. This meant
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that when a participant adds or misses a single onset, it disturbs the alignment of the

IOl resulting in a performance score that is not accurate.

3. Our methodology to reduce noise interference requires ne hyperparameter tuning
of the onset detection function. However, it failed to remove noise interference from
several different participant room scenarios detecting noisy sounds in a room as on-

sets, and failing to replicate the pattern.

5.2.2 ThelmprovedPerformancéssessmeriipeline

Our focus was to improve the performance assessment from 1eOa, particularly in its ability
to ignore spurious onsets that are not the hits intended by the participants. Furthermore,
we wanted the participants to replicate the rhythmic pattern without needing to match the
exact tempo of the reference rhythmic pattern. The improved pipeline is summarized in the

below owchart, Figure 5.7.

Figure 5.7: The block diagram for the improved performance assessment pipeline that was
implemented for the CAL.
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Post Processing Of The Onsets

Onset detection is the task of determining the starting times of notes or musical events in a
recording [66]. To detect the onsets in our participants' performances, we make use of the
beat tracking and onset detection function de ned in the Librosa library [65]. However, the
performance of the beat tracker and onset detection function depends on the input parameter
tuning, which can substantially vary with minor changes in speci ¢ key parameters [65].
Through the pilot study for 1e0a, we found out that, even though we are looking for a
speci ¢ type of sharp percussive attack in our signals, the environments from which the
participants are taking the study are varied. Each environment contributes speci ¢ and
unique noise oors and interruptions that result in extra onsets being detected that are not
the claps/ percussive hits of the participants. For example, if there is a droning hum noise
in the room from an air Iter/ washing machine or HVAC. The onset detector will detect
an onset right at the beginning of the audio le. This can be removed by fading in and out
the audio les. However, if the noise sources are abruptly stopped and started in the middle

of the recording, they will also be detected as onsets. This is shown in Figure 5.8. The

Figure 5.8: An illustrative example of the output from the Librosa onset detection function.
All the onsets are highlighted as red vertical lines, with spurious onsets shown with green
boxes.
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performance can be improved by passing the audio through a high-pass lIter to remove all
low-frequency droning sounds before sending it into the onset detection function. However,
this solution cannot be generalized.

Since we are only dealing with percussive sounds, which usually have a clear attack,
we can exploit some signal properties to derive a masking function that tells us the sample
windows within the audio signal holding the percussive sounds we care about. The most
obvious property of a percussive sound that we can use is how they appear in the frequency
domain, as seen in Figure 5.14. It can be seen that the percussive hit (hand clap), when the
FFT is taken with high time resolution [62], is spread along the Y axis of the spectrogram

(frequency axis) when compared to the noise signals around it.

(a) (b)

Figure 5.9: The frequency domain visualization of a recorded percussive sample, with
noise. (a) A hand clap in the time domain; (b) The spectrogram of the same hand clap

| had the idea to use the constant-Q transform to generate sample windows in time
(masking function), where this particular kind of spread in the frequency axis is found in
the audio signal. The Constant-Q transform(CQT) is a technique that transforms a time-
domain signal into the time-frequency domain. It operates by segmenting an audio signal
into small, discrete time windows [67]. The Constant-Q Transform (CQT) calculates the

presence and intensity of various frequency bins corresponding to musical notes within
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each window. Compared to a spectrogram, the center frequencies of the frequency bins
are geometrically spaced, and every frequency bin has the same width in Hz. This means
“that the frequency resolution is better for low frequencies, and the time resolution is better
for high frequencies” [67]. In post-processing the performance audio, | use the librosa
implementation of the CQT function [65]. The CQT is calculated for 100-frequency bins
with a hop length of 128 samples. For a 5-second audio recording, at a sampling rate of
44100, the output of the librosa function is a matrix of dimensioAGX 1700 The next

step is to calculate the Root Mean Squar (RMS) energy of the CQT for each block of 128
samples. The RMS for an arrayof lengthN is calculated using the Equation 5.3.

NEX\I X? (5.3)

i=1

o<

RMS =

The RMS calculation gives us an array of dimensi@Xsl 700for the above audio signal.

We generate a novelty function from this array. In the context of audio and signal process-
ing, a novelty function is an array that highlights moments of signi cant change or novelty
in a given signal. It's a standard procedure to calculate novelty functions in onset detection

tasks, [66]. The novelty function for the audio in Figure 5.8 is shown in Figure 5.10.

Figure 5.10: The novelty function output for the audio example, with peaks representing
the blocks with the maximum spread in the frequency axis.
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| generate the novelty function by Gaussian ltering [63] and then calculate the local
average across four blocks. The peaks for maximum frequency spread are found by adap-
tive thresholding the output of the local average with a median Iter of 0.01 seconds, or 30
blocks in length [63]. | then use the peaks and select the onsets from the onset detection
function that are within the window of 0.01 seconds for each peak. The output for the

example audio post the masking procedure is shown in Figure 5.11.

Figure 5.11: The output of the masking procedure with the spurious onsets removed. The
detected onsets are shown as red vertical lines.

Aligning the onsets

Once we have extracted the onsets from the participant's performance, the next stage is
to align the start and the end of the participant's performance with the reference rhythmic
pattern to conduct the assessment of their reproduction. In 1e0a [10], the grading was done
by computing MSE computed from the time deviations between the 10Is. We assumed the
student's tempo would match the reference and did not apply any time stretching or scaling
of the onset times. When the performance and the reference are at different tempos, align-
ing the onsets becomes challenging. Uyar and Bozkurt [56] solved this issue by applying
time scaling to match the rst and last onset of the reference with the performance. My

approach is similar to Uyur and Bozkurt [56], but | consider the alignment to be a quan-
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tization task because the reference onsets are actually quantized to a particular 16th-note
grid based on the tempo of the rhythmic pattern. This train of thought was borrowed from
how the Rhythm Player generates an array of beats depending on the number of notes,
sampling frequency, and PPM Equation 5.1. So my task was to nd the appropriate grid to
quantize the performance rhythmic pattern. At face value, this is actually a tempo (PPM)
estimation problem, where given the input audio, we are trying to nd the most appropriate
beat interval in samples for the pattern. My rst approach used existing and state-of-the-art
tempo detection functions from various MIR libraries [65, 68]. This did not provide the
results we were looking for, as tempo estimation in MIR is still an open research task [69],
and the output of the functions was often unpredictable, giving out different tempo values
for the same audio example. My next attempt was to approach this as a linear optimization
task.

The IOl in samples are reasonably large numbers. To simplify the optimization calcu-
lations, sample 101 were converted to ratios. Let us recall Equation 5.1, the equation gives
us the number of samples between each beat to produce a rhythm at the speci ed PPM for
a given sampling frequency. If we consider our beats 16th notes, then at a PPM of 60, we
get one pulse every 1 second. When we convert that to a ratio of seconds pulses, we get
1: 1 If we double the PPM, the ratio s: 2 and triple isl : 3, etc. This is generalized by

the equatior60=P P M, which islOI=fs , as derived from Equation 5.1.

101 a0 = (60=PP M) (5.4)

For a PPM of 100 and the binary pattdn1; 1; 1], we havel Ol (405 Of [0:6; 0:6]. If we
consider the binary patteft; 0; 0; 1; 0; 1; 1], thel Ol (405 are[1:8; 1:2; 0:6].

For every Pulses Per Minute (PPM), there is a particular ratio of the I0ls. Our optimiza-
tion procedure is to nd the optimum PPM to minimize the difference between the ratios

calculated from the performance onsets and @k ratio. We implemented this using the
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minimize _scalar function found in Scipy library [63]. The code is shown below:

def optimal_grid(interOnset):
def cost_function(X):
#Generate a grid with 32 possible \gls {iioi }s ratio
gridOrder = np.arange(1, 32)
grid = [ int (((60 / X) * 44100) = i) / 44100 for i in gridOrder]
#Minimize the difference between the interOnsetinterval and the grid.
return  np.min(abs(np.subtract.outer(grid, interOnset)), axis=0).
sum()
res = minimize_scalar(cost_function, bounds=(0, 450), method='
bounded)
# We are optimizing bounded with 450 PPM being the upper bound tempo.
optimal_Ppm = res.x
#Adding shorter interOnsetintervals, as a precautionary measure for the
next stage
gridStart = np.array([0.25, 0.5])
gridOrder = np.arange(1, 32)

gridOrder np.concatenate((gridStart, gridOrder), axis=None)

grid = [ int (((60 / optimal_ppm) * 44100) =+ i) / 44100 for i in
gridOrder]

return  grid,optimal_ppm
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The key function in our implementation is the powerfy:subtract:outer function
found in the Numpy library [70], and it is described for two areay 1 andarr 2 below:

2 3
(arr1[0] arr2[0]) (arrl[0] arr2[1]) :::
np.subtract.outéarr 1; arr 2) = g(arr 1[1] arr2[0]) (arr1[1] arr2[1]) :::% (5.5)

N

3
resulf0; 0] resul{fO;1] :: é

= Bresulf1;0] resulfl;1] ::: (5.6)

Once we achieve the optimum grid, we will convert the 10ls to a binary rhythmic pattern
using the grid and the ratios we calculated. We employnjineubtract:outer once more,

but this time to nd which index on the grid array matches with each 10I. Since the grid
values are ratios of 16th note beat intervals, we can now calculate the number of beats
between each onset and convert the IOIs to the binary format. The code for the same are
shown below:

def find_pattern(grid,interOnset):

findDiff = np.subtract.outer(grid, interOnset)
gridPos = np.argmin(abs(findDiff), axis=0)
sumRatio = [grid[i]/grid[2] for i in gridPos]
pattern = [1]
#Generate the binary pattern using the ratio and number of rests
between each onset

for i in sumRatio:

for j in range (int (i)-1):

pattern.append(0)
pattern.append(1)

return  pattern,sumRatio
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With the above-described function, | can extract the onsets from a performance au-
dio recording and convert the performance to its 16th-note binary format. The nal stage
before the assessment is the alignment of the onsets between the performance and refer-
ence. At this stage, we have our performed pattern and reference pattern as binary strings.
To implement optimal alignment, | used the Needleman-Wunsch Algorithm, a dynamic
programming algorithm for nding the optimal alignment between two strings [71]. Itis
commonly used in the eld of bioinformatics to align protein or nucleotide sequences [71].
One of the main reasons for using the Needleman-Wunsch algorithm is that the optimum
PPM calculated often results in fewer consecutive rests (zeros) in the performed rhythm

compared to the reference. The example for this is shown in Figure 5.12

Figure 5.12: An example of the Needleman Wunsch alignment for a rhythmic pattern re-
production alignment.

We can calculate many text-based metrics to measure the distance between the perfor-
mance binary and reference patterns. For our implementation, we calculate the Levenshtein
distance from the editdistance Python library. Furthermore, if the number of onsets between
the performed and reference patterns is the same, we can use the aligned onsets to calcu-
late the mean average error for each 10l from the expected inter-onset grid value with the
optimized PPM. Combining the output of edit distance and mean average error helps the

system decide if the participant can move on to the following rhythmic pattern.

Evaluation

| used the audio les we collected from the pilot for 1e0a, which consists of 23 unique
rhythmic patterns performed by 6 participants with various onset sounds, ranging from

hand claps, table hits, and percussion instruments. The functionality and performance of
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our assessment pipeline were tested and veri ed using the Musical Aptitude Standard Test
Rhythm Data Set (MAST) [27]. It is an open-source data set that includes rhythm pattern
reproduction performances by students collected during the entrance exams for Istanbul
Technical University (ITU) Turkish Music Conservatory. It contains wav audio les of
the student reproduction performances and target references, with 40 different rhythmic
patterns. The dataset contains a total of 1055 reference recordings from the jury and 1040
performance recordings from the candidate [27]. Each performance is given a grade out of
4, and the performers were not required to match the tempo of the reference. The rubrics

were explicitly de ned as follows:

* If only one or two notes were wrong (missing, added, or played in a different rhyth-
mic position), while the rhythmic accents were executed perfectly and without any

delay or hurry, this type of error is considered a “3-minor mistake”

* If two to-three notes were wrong and belonged to any form of hesitation with poorly

executed accents, such performances were graded as a “2-major mistake”.

» Any performance with more than three wrong strokes/durations was considered “1-

completely off”.

Since our assessment of the rhythm performances does not consider accents, and we
primarily care about the accurate recreation of the rhythmic pattern, we did not try and
emulate the exact assessment with our system. But the test was conducted to ensure that
our system can perform adequately for many audio les for various rhythmic patterns and
environment noise levels. The primary test we ran was to see if our system could classify
if a rhythm reproduction is a pass or fail by more than just chance (50%). The results of
our test are shown below.

The F1 score is an evaluation metric that measures the accuracy of a classi cation task
[72]. It is calculated as the harmonic mean of the precision and recall. Precision is the

measure of the correctly identi ed positive cases from all the predicted positive cases.

46



Table 5.1: Evaluation results of our performance assessment pipeline on the MAST dataset

Accuracy | 0.7009

Specicity | 0.73449

Error Rate| 0.2990
F1 score 0.63

True Positives
True Positives- False Positives

Precision=

The recall is a measure of the correctly identi ed positive cases from all the actual positive
cases

Recall:
True Positives

Recall= — .
True Positives- False Negatives

F1-Score is calculated as follows:

Precision Recall

F1-Score= 2 —
Precisiont+ Recall

The accuracy metric computes how many times a model made a correct prediction

across the entire dataset.

True Positivess True Negatives
Total Instances

Accuracy=

The error rate, also known as the misclassi cation rate, is the proportion of all predictions
that were incorrect. It sums up the false positive and false negative rates, which represent

the instances where the model made mistakes in its positive and negative predictions.

False Positives + False Negatives

Error Rate= — . — :
True Positives + True Negatives + False Positives + False Negatives

And the speci city is the true negative rate, which measures the proportion of actual nega-
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tives that were correctly predicted.

True Negatives
True Negatives False Positives

Speci city =

An F1 score of 0.63 indicates a moderate but not outstanding performance of the perfor-
mance assessment system. But we are con dent with this score to use the system for our
tasks, as the performance assessment goals are more speci ¢ than the data set we used
to evaluate the system. For our experiment, the accuracy of 0.70 is a good sign as the
system can convert the rhythmic performance audio to the binary format and assess them
irrespective of the tempo difference.

For comparison, the table below shows the performance of the old performance assess-

ment pipeline fromleOa

Table 5.2: Evaluation results of 1eOa performance assessment pipeline on the MAST
dataset

Accuracy | 0.4344
Speci city | 0.1479
Error Rate| 0.5655

F1 score | 0.5492

5.3 Rhythm Visualization

In the rhythm visualizations for 1e0a, our goal was to depict to the participants the dif-
ference in IOl timings of the performed rhythm compared to the reference’s IOl timings.
We visualized this using a line graph with each point on the line depicting an IOIl. The
performance assessment graph for the Clave Son Rhythm is shown in Figure 5.13 This vi-
sualization format is not highly intuitive and requires a detailed gure explanation for each
participant. | wanted to improve this experience and create a visualization framework that
implicitly re ects how the participant will perform the rhythm. My rst attempt was to use

a circular representation for the rhythmic pattern. Fernando Benadon used a graph with po-
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