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ABSTRACT

Music is considered a universal language that persists everywhere. Indian music is very
renowned due to its sophistication and rhythmic diversities. Music composition and
mathematical computation are closely related and have similar aesthetics. In the last few
years, musicians and researchers have used a computer to design compositional models for
musical patterns. Computer-assisted music composition has been an active research area
since mid-1900s, and the potential of computer systems in contributing music-related
research had been imagined as a future possibility in 1950. Computational musicology is an
interdisciplinary area that includes the contribution of music and computer science methods.
This thesis explores the intricate world of Indian music composition through formal grammar
and modeling techniques. The primary objective is to create a framework that captures the
essence of Indian music composition while providing a platform for innovation and

automation in music creation.

This thesis proposed a technique for generating musical sequence to help musicians as well as
non-musicians compose musical structures. The work aims to generate formal grammar for
an Indian musical composition. A musical tool is used to generate a musical sheet for the
composition used. We outline musical rules and formal grammar rules used for music
composition. The probabilistic context-free grammar is modeled to generate the same

rogression as the composition’s.
prog p

Variable Order and Gapped hidden Markov model for unstructured elements can capture
variable length dependencies with variable gaps in sequential data. VOGUE uses a Variable-
Gap Sequence miner algorithm to extract frequent patterns in a sequence with variable gaps.
In this thesis, we applied the VOGUE model to design the musical sequence of notes in
bandish of raga Bhairav, a classical Indian music. Furthermore, we analyzed the benefits of
VOGUE model over the standard HMM.

Tala of Indian music represents rhythmic aspects in musical compositions. This thesis used
formal grammar to examine the patterns in Tala’s kaidas and paltas. Results indicate that the
patterns in the paltas of Tala’s kaida exhibit cross-serial dependencies, which context-free
grammar cannot represent. Further, we represented these patterns using the deep pushdown
automata mathematical model. The proposed technique can be applied to check the

correctness of the patterns used in Tala’s Kaidas and Paltas.

Vi



The basic proposal of the thesis is to design formal grammar and model for composition of
Indian music. Limited work has been done by researchers on the modeling of Indian music
using automaton. In this research, we have modeled Indian Tala using deep pushdown
automata. Further, formal grammar has been generated for Tabla bols by researchers, but no

formal grammar for Indian music composition has been designed previously.

Keywords: Raga, Tala, Musical sheet, State grammar, Deep pushdown Automata, Indian
music, Musical sequence, Hidden Markov model, VOGUE, Bhairav Raga, Sequence mining,

Kaida, Palta, Raga Classification, Audio Feature Extraction.
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CHAPTER 1
INTRODUCTION

This chapter aims to introduce the preliminary concepts, basic notations, motivation, and
thesis organization.

1.1 MOTIVATION

Automata theory is a branch of theoretical computer science that deals with the study of
abstract machines and the problems they can solve. It plays a crucial role in understanding the
fundamental concepts behind computation and forms the theoretical foundation for various
aspects of computer science and engineering. An automaton refers to abstract mathematical
models of computation. These models are used to study the behaviour and capabilities of
computational devices. Finite Automata (FA), Pushdown Automata (PDA), Deep Pushdown
Automata (DPDA), and Linear Bounded Automata (LBA) are a few examples of the diverse
range of models used in automata theory. Each model has its unique properties,
computational power, and applications. The applications of automata theory continue to grow
as new challenges and problems arise in various domains like computer science, linguistics,
engineering, pattern recognition, and music generation, among others.

Music is an art that combines various sounds to generate a new sound that entertains people.
Indian music has evolved through eras. Within our Indian cultural heritage society, Indian
music has a crucial part. It plays a pivotal part in our lives by affecting our social, physical,
emotional, and cognitive aspects [1]. Little advancements have been done in prior works of
formal grammar of various types of Indian music. The specific challenges are the diversity of
Indian music rules and the requirement of unique grammar modeling for each type of music
composition. Therefore, the field of Indian music is quite untouched by researchers, and a
few leads can be found in existing literature.

Perchy and Sarria [2] worked on J.S. Bach’s harmonic rules and designed a compositional
music system for assisting musicians. They had considered tonality, measure, progression,
and tempo as initializing parameters for composing music. Keller and Morrison [3] used
probabilistic context-free grammar for the automatic generation of jazz melodies over chord
progressions. They have used Impro-visor to improve the composition of jazz solo music.
Quick [4] explored the concept of stochastic grammar in music. Further, he applied the
stochastic context-free grammar concept to Kullita for composing music automatically. The
context-free grammar (CFG) algorithm was extended to assist different musical CFGs along

with another type of grammar called probabilistic temporal graph grammar (PTGG). Groves



[5] proposed a stochastic context-free grammar (SCFG) approach for reducing melodies. The
SCFG was induced from a Treebank of solutions for the melody reduction process. The
dataset from the generative theory of tonal music was used to train SCFG for melody
reduction. Abdallah and Gold [6] compared various models of symbolic music using
probabilistic grammar. They explained probabilistic grammar implementation in probabilistic
models of symbolic music. Abdallah et al. [7] used computational linguistic approaches for
reviewing music analysis using probabilistic grammar. Different probabilistic models of
symbolic music were applied to various folk song collections. They explained the use of
probabilistic inference and information theory in music. Kitani and Koike [8] proposed an
online grammatical induction generator to improve musical expression. ImprovGenerator
generates random improvised accompaniment for real-time performances using basic
percussion musical patterns. Puente et al. [9] described an automatic method of music
composition using grammatical evolution. Roads [10] discussed music representation using
different grammars by various authors. The grammar proved to be an efficient way of
representing musical structure. Khalifa et al. [11] proposed a music composition tool using a
genetic algorithm and integrated it with formal grammar rules. Sidorov et al. [12] proposed
an approach for analyzing musical structure. It presented the musical analysis as the smallest
grammar problem. This approach automatically generates context-free grammar that
represents musical structure. As elaborated above, various researchers have developed many
tools and techniques for composing music. Musicians, as well as non-musicians, used
different tools to generate musical sequences. Concepts such as formal grammar, musical
tools, and sheets are aimed at generating grammar for the musical composition.

Motivated by the work of different authors, we proposed a method for generating formal
grammar for Indian music. We used a musical tool, MuseScore, for generating the musical
sheet of required musical composition. It has not been previously utilized for modeling and
designing formal grammar. The generated grammar satisfies the musical rules and Stochastic
Context Free Grammar (SCFG) rules. The SCFG is modeled to generate the same
progression as the musical composition.

Wang and Dubnov [13] worked with variable Markov oracle HMM (VMO-HMM) for
capturing long-term dependencies in musical sequences. They modeled the harmonic
progression of jazz music with VMO-HMM. Kerr [14] modeled hierarchal HMM (HHMM)
for mid-level musical patterns. Weiland et al. [15] extracted musical pitch structures from
HHMM representing a musical pattern. Hoffman et al. [16] explored the Hierarchical
Dirichlet Process HMM (HDP-HMM) application for generating data-driven music. The

2



model trained multiple songs and generated the output of many hybrid inputs. Chen et al. [17]
implemented duration-explicit HMM (DHMM). The model considered chord duration for
recognition. Benetos and Weyde [18] used pitch-wise DHMM for the transcription of
polyphonic music. They modeled the tone duration and temporal evolution. Nakano et al.
[19] processed musical signals using Mondrian HMM. The model captured clusters from the
hidden states. Nakamura et al. [20] proposed an autoregressive hidden semi-Markov model
(HSMM) for the symbolic performance of polyphonic musical scores. Nakamura et al. [21]
described an outer-product HMM to capture arbitrary skips and repetitions in polyphonic
musical performances. Ozerov et al. [22] represented polyphonic music through factorial-
scaled HMM (FS-HMM). The model was a generalization of the Gaussian scaled mixture
model. Chordia et al. [23] modeled north Indian tabla sequences with variable length Markov
model (VLMM) or variable length HMM (VLHMM). The model determined the next stroke
from the audio file of tabla sequences. Senturk [24] performed computational modeling of
Turkish folk music with VLMM.

The first-order HMM does not consider the sequential dependencies for longer ranges. For
long-range dependencies, higher-order (n-order) HMMs have been proposed. However, due
to complex calculations, n-order HMMs are challenging to build, resulting in low prediction
accuracy and high state-space complexity [25-26]. The limitations of first-order and higher-
order HMM generate the need for a new HMM variant. The proposed approach uses a
Variable order and Gapped HMM known as VOGUE (Variable Order and Gapped HMM for
Unstructured Elements) for modeling musical sequences.

Bel and Kippen [27] proposed a model for North Indian tabla drumming improvisation and
its evaluation with the proficiency of handling complex structures. Bel and Kippen [28]
introduced the concept of Bol Processor grammar to represent patterns of repetition and
homomorphic transformations. They also proposed the Bol processor (BP2) for the rule-
based music composition.

Bel [29] applied the concept of formal grammar in the improvisation of North Indian tabla
Drum music and extended the model in terms of substitutions, meta-variables, and remote
contexts. Kippen and Bel [30] described the usage of the computer system in the composition
of Indian drum music and developed a newer version of the Bol processor. Jurish [31]
described the musical structure using formal language theory. Mahmud [32] also modeled

and generated the tabla composition based on grammar.



The works of Mahmud [32], Bel and Kippen [27-28], Bel [29], and Kippen and Bel [30]
motivated us to design formal grammar and deep pushdown automata for recognizing Tala
and its improvised musical patterns in Indian music.

Shinkuma et al. [33] used machine learning for mobile crowd-sensing in spatial information
prediction. They applied feature selection techniques to extract input data’s contribution from
the prediction model. Shetty and Arhary [34] achieved a training accuracy of around 94% and
a test accuracy of 75% using Artificial Neural Network on a small sample of 90 songs.
Dandawate et al. [35] tried data mining and information extraction approaches to achieve a

significant increase in accuracy compared to their predecessors.

Gupta et al. [36] worked on a comprehensive review of scalable machine learning algorithms
for big data. Bidkar et al. [37] proposed a raga recognition methodology using pitch, mean,
and centroid MFCC variants. The model was tested for ensemble KNN classification
algorithms, and ensemble bagged tree with 95.83% and 96.32% accuracy. Joshi et al. [38]
used KNN and SVM classifiers on the raga Yaman and Bhairavi datasets to classify and
identify raga. Dodia et al. [39] identified Indian raga using chromogram feature of audio files.
KNN and SVM were used to identify Bhimpalasi, and Yaman Raga achieved an accuracy of
92% and 91% respectively. Sharma and Bali [40] worked with Hindustani raga identification
on the dataset of live performances of ragas. Their work showed an accuracy of 93.38% with

the K-star algorithm.

Anand [41] identified raga using a convolution neural network and attained an accuracy of
96.7%. Thakur et al. [42] applied two-fold supervised machine learning to detect rumours on
Twitter. They automate filtering by training multiple classification algorithms and use textual
characteristics on the filtered data. Kumar et al. [43] proposed raga identification and
classification using a non-linear SVM framework with an n-gram distribution of notes and
pitch-class profile. They captured temporal information of raga notes by calculating an n-
gram histogram. Sharma et al. [44] worked with soft computing for raga identification of
Hindustani music. Some ragas feature like dirga swara, vadi swara, distance, and samay of
raga to identify raga. John et al. [45] classified Indian classical musical ragas using deep
learning. They used the pitch contour of ragas as a key feature to improve the accuracy.
Kumar et al. [46] used machine learning techniques to anticipate heart and liver disease. They
used a random forest classifier and logistics regression to predict these diseases.
Madhusudhan and Chowdhary [47] classified ragas using long short-term memory based on

recurrent neural network. They achieved an accuracy of 88.1% on the comp music carnatic
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dataset. Kumar et al. [48] evaluated machine learning algorithms on academic datasets by
applying feature selection techniques. Singha et al. [49] proposed a convolution neural
network for raga classification. They used spectrograms of audio note to identify Raga’s note.
Shah et al. [50] proposed an approach based on deep learning and signal processing. They
attained an accuracy of 98.98% on the compMusic dataset. Dighe et al. [51] developed a
method using random forest classifier based on swara histograms. They achieved an accuracy
of 94% through the experiment. Dodia et al. [52] identified raga using chromogram feature.
They attained 91% accuracy with SVM classifier and 92% accuracy with the K-NN classifier.
Subramanian et al. [53] proposed a method for modeling role-based access control by

applying a three-way formal concept analysis.

Raga identification has been a manual and experiential endeavour; the merging of machine
learning and musicology offers a transformative approach to this age-old practice. Motivated
by the work of various authors, we designed a model using advanced computer sciences to
detect the raga of a given creative piece through an efficient ensemble model in machine

learning.

1.2 PRELIMINARIES CONCEPT

1.2.1 Basic Preliminaries of Automata

1.2.1.1 Grammar [54] can be defined by (N, T,S, P) where,

e N isthe set of non-terminal symbols,

e T isthe set of terminal symbols,

e Sisthe start symbol,and SeN,

e Pis the set of production rules of the form o — g, where o, S (NUT)".

A grammar is said to be context-free grammar [55] if its right side consists of only a single
non-terminal symbol or the production rule follows the forma — £, wherea € N ,and
pe(NUT)Y

1.2.1.2 A grammar is stochastic context-free grammar (SCFG) [55] if for every production

rule,c e N and B (N UT)". Every production rule {A — B;} is assigned with a probability
psuchthatO< p<landV, ) p(A —B,)=1.
j

1.2.1.3 A HMM [56] is defined by five elements (N, M, A, B, 7) where,

e N is the number of states in the model



M is the number of symbols observed in the alphabet.

Ais the set of transition probabilities defined by A={a;}=p{q,,,|q, =i}1<i,j<N,
here g, is the current state.

e Bis the probability distribution of  each state, given by
B={b;(k)}=> p{a, =V, g, =i},1<k <M, here v, denotes the k™ observed symbol
and ¢, denotes the current parameter.

e is an initial state probability distribution,
m={n}=p{g,=1},1<i<N
1.2.1.4 A state grammar [57] is a quintuple G(V,Q,T, P, S), where

e V isa finite non-empty set of symbols. V is known as the total alphabet,

e Q isa finite non-empty set of states,and V nQ =4,
e T isafinite non-empty set of terminals,and T cV ,
e S eV T represents the start symbol and
e Pc(Qx(V-T))x(QxV™")is afinite relation.
Example 1.1: Consider a state grammar
G=({s, X,Y,ab}{R, R, PR, R, P, R, R} {a b} P,S} for the language L ={a"b"a"b"}, with
production rules defined by
(R, S) = (R, XY) (R, X) = (F,aX) (R,Y) = (R,,aY) (R, X) —(F,,a)
(P Y) = (R, a) (R, X) = (R,,bX) (B,,Y) — (R,,bY) (R, X) — (R, b)
(R, X) = (R,,bX) (R, X) = (R, a) (R,Y) > (R;b)
Derivation for string aabaab
(R, S) = (R, XY) [(R, S) = (R, XY)]
= (R, axY) [(R, X) — (R, aX)]
= (R, aXaY) [(R,Y) — (R, aY)]
= (R,aaXaY) [(R, X) = (R, aX)]
= (R,aaXaaY) [(R.Y) — (R, aY)]
= (R, aabaaY) [(R,, X) — (R, b)]
= (R, aabaab) [(R;,Y) — (R;,b)]
1.2.1.5 A deep pushdown automaton (DPDA) [58] is septuple (Q,%,T',R,s,S,F) , where



Q is a finite non-empty set of states,

e X isa finite non-empty set of input symbols,

e T'isafinite set of pushdown symbols,~ c I",I" — X contains a special symbol #,

o Rc(IxQx(T=(EU{#N) x Qx (T —{#¥)) U (Ix Qx{#x Qx (T —{#3) {#}) is a finite

relation, where | denotes a set of a positive integer,

s € Qs the start state,

S eT'is the start pushdown symbol, and

e F eQisthe set of final states.
Example 1.2: Consider a deep pushdown automaton
M =({s,q, p,t,u},{a,b}.{A S,#},R,s,S, f)for generating language L={a"b"a"b"},and R
can be defined by
1sS — gAA 1gA — tbA 1gA — paA 1gA — bf 2pA — gaA 2tA — ubA

1gA — fa WA —>thA1f A— fa uA— fh 1fA— fb

Derivation of the string aabaab

(s,aabaab, S #) =, (q,aabaab, AA#) =, (p,aabaab,aAA#) = (p,abaab, AA#)
=, (q,abaab,

AaA#) =, (p,abaab,aAaA#) = (p,baab, AaA#) =, (q,baab, AaaA#)
=, (f,baab,baaA#)

=, (f,aab,aaA#) = (f,ab,aA#) = (f,b,A#) =, (f,b,b#) = (f,"\#)
Example 1.3: Construct a deep pushdown automaton for language L ={a"b"a"b"}, using a
state grammar G, = ({S, X,Y,a,b}{R,,P, P,, B, P,, R.},{a,b}, P,S) with production rules

(R, S) = (R, XY) (R, X) = (R,aX) (R, X) = (P, Xb) (F,,Y) — (R, aY) (R, Y) — (R, Yb)
(R, X)—(F,,b) (R,,Y) — (F;,ab)

S|XY =
=
Xlax X|Xb i

Y7 Yb

Q )\9)\4‘

Figure 1.1: Deep Pushdown Automaton for a"b"a"b"

Derivation for string abab



(R, S) = (R, XY) [(R, S) = (R, XY)]

= (R, aX) [(R, X) = (R, aX)]

= (R,,abY) [(R, X) —»(F,,b)]

= (R,,abab) [(R,,Y) — (R, ab)]

1.2.2 Basic preliminaries of music

1.2.2.1 Musical notes

In music, there are a total of seven notes (or swara). Notes are the basic building block of
written musical notation. In Indian notation, the notations of notes are S, R, G, M, P, D, and
N. All these notes are natural notes (shuddha swara). The natural notes are represented by the
white keys, as shown in Figure 1.1. In Western music, notes are A, B, C, D, E, F, and G.

The octave (or saptak) is defined by the set of seven notes. There are three types of octaves,
namely lower, middle, and upper. The lower octave notes have a half frequency as compared
to middle octave notes, and middle octave notes have a half frequency as higher octave notes
[59].

D% Es G
=-| D] E F

-

G|A|B |[C D E F | G |-AL1B '€ D |E

SAPTAK 1 SAPTAK 2 SAPTAK 3

4 5|6 7

OCTAVE 1

OCTAVE 2 OCTAVE 3

Figure 1.2: Name of notes and octaves [59].
1.2.2.2 Scale
A musical scale is defined as a group of notes ordered by frequency. A scale is the ascending
and descending movements from ABCDEF Gand G FE D C B A, respectively [60]. In a
scale, all the notes must be included in a specified order. Scales are based on patterns of
whole steps and half steps. These steps can be explained using the piano for reference (Figure

1.2).



The half step is the key next to any black or white key. Skipping a key by one key is the
whole step. For example, E to F is a half step, and C to D is a whole step. Two commonly
used scales are the major scale and the minor scale.
Major scale: It is defined as a series of whole steps and half steps in the form —w wh w w w
h” [61].
Minor scale: It is also a sequence of whole and half steps. It is of three types:

e Natural minor: The natural minor scale has a sequence as ‘w hw wh w w’ [62].

e Melodic minor: In this scale, the sequence is ‘w h w www h’ [63].

e Harmonic minor: The harmonic minor follows the sequence of steps ‘w h w w h wh

h’ [63].

Where ‘w’ is the whole step,
‘h’ is a half step, and
‘wh’ is the whole half-step.
1.2.2.3 Chords
The set of three or more notes played simultaneously is called a chord. To make a chord, we
have to start with the first note and then move up to the next note by skipping one note. For
example, to make a C triad in a major scale, the first note is C, skipping D, the next is E, then
again skipping F, and the next is G. So, the C triad in a major scale is C E G.
The chord progression is a series of chords that can form musical ideas and phrases [64]. In
Western music, chords are used to create harmony. Due to the influence of Western music,
Indian music has lately also used chords and chord progressions [65]. Contemporary Indian
songs are also based on Western chords. For such Western-motivated Indian music, there is a
significant dependency on chords in Indian music.
1.2.2.4 Scale Degree
It is defined as the name for a particular note according to its position on a scale. Degrees are
used to specify the chord and interval size. There are a total of seven scale degrees: Tonic,
Supertonic, Mediant, Subdominant, Dominant, Submediant, and Leading Tone, as shown in

Figure 1.3.

Tomnic Mediant Dorminart Leading Tone
1 1 i i i
- . f T — — -
o t e -] — ¥
- —— I__,_I'F _— ]

i -
Supertomnic Subdomimant Submediant

Figure 1.3: The C major scale and the degree names [66].
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The names of scale degrees relate to their function and their position on the scale. For

example, the Tonic is the basic tone. Subdominant is the degree below the Dominant. Tonic

is the first and main note of the scale from which each octave is assumed to begin.

1.3

ORGANIZATION OF THESIS

This thesis is devoted to designing the formal grammar and model for composing Indian

music. The results obtained are discussed in chapters 3 to 5. A complete chapter-wise

summary of thesis work is given as follows:

In Chapter 1, gives the motivation for preliminary concepts for research work, which
include basic notations, definitions, and the thesis outline.

In Chapter 2, we discuss different types of computational musicology. We have
discussed five methods of computational models for musical patterns using a hidden
Markov model (HMM), n-gram, finite-state machine (FSM), finite-state transducer
(FST), and artificial grammar learning (AGL). In the last section, gaps in the area of
computational musicology, problem statement, and the objectives of the dissertation
are explored.

In Chapter 3, a novel concept of generating formal grammar for Indian musical
composition has been proposed. A tool, MuseScore, is used to generate the musical
sheet for the audio musical file. From the musical sheet, the musical symbols (notes)
are analyzed. A probabilistic context-free grammar is modeled to generate the same
progression as composition.

In Chapter 4, the VOGUE model is applied to designing a musical sequence of notes
in bandish of raga Bhairav, classical Indian music. VOGUE integrates two techniques,
sequential pattern mining and data modeling to generate the model. In almost every
musical form, musical patterns repeat themselves that may or may not be separated by
variable gap lengths. VOGUE considers such patterns and, therefore, can model
various musical sequences. The musical note sequences in the bandish of a raga are
not fixed and may vary according to the performer’s choice.

Chapter 5 examines the patterns in Tala’s kaidas and paltas using formal grammar.
Results indicate that the patterns in the paltas of Tala’s kaida exhibit cross-serial
dependencies, which context-free grammar cannot represent. Further, we have
represented these patterns using mathematical model deep pushdown automata.

In Chapter 6, ragas identification has been done using machine learning techniques. A

novel approach for raga identification in Indian music using stack ensemble model.
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We have ensembled five models, CatBoost, XGBoost, Random Forest, LightGBM,
and Decision Tree, based on the prediction accuracy of Indian ragas. Our approach
achieves state-of-the-art performance on the task of raga identification and
outperforms existing methods. The proposed work can potentially improve the
performance of Indian music retrieval systems.

In Chapter 7, the conclusion and future scope of the thesis are mentioned and outlined

to extend the idea of computational musicology.
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CHAPTER 2
LITERATURE SURVEY

This chapter discusses the computational aspects of various music operations, such as
composition, analysis, retrieval, classification, and implicit learning. We have evaluated the
literature based on multiple computational fields like formal grammar, hidden Markov model,
n-gram, finite-state machine, finite-state transducer, and artificial grammar learning. The
chapter aims to generate a comprehensive description of research on computational
musicology. In the last section, gaps in the area of computational musicology, problem

statement, and the objectives of this dissertation are explored.
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Figure 2.1: Representation of various computational methods with music operations.
2.1 COMPUTATIONAL MUSICOLOGY METHODS
Many researchers developed different computational models for musical patterns using the
hidden Markov model (HMM), n-gram, finite-state machine (FSM), finite-state transducer
(FST), and artificial grammar learning (AGL). The use of these computational methodologies
for building musical models is a significant contribution for musicians as well as for non-

musicians. These different methods help in performing different musical operations as shown
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in Figure 2.1. Computer systems are designed to work on musical sequences due to their
practical applications. Several researchers have shown their interest and done research in this
area.

2.2 FORMAL GRAMMAR FOR MUSIC

A grammar [67] can be defined by G(N, T,S,P) where, N is the set of non-terminal symbols,

T is the set of terminal symbols, S € Nis the start symbol, and P is the set of production
rules of the forma — S, wherea, S e (N UT)". The work of formal grammar with music is

an emerging field. Formal grammar formalizes the rules used to analyze and compose
musical sequences. We have explored works by various researchers in composition, analysis,
and representation of music with formal grammar.

Gilbert and Conklin [68] performed melodic reduction using probabilistic grammar.
Hamanaka et al. [69] proposed a time-span tree generator using SCFG. The generator
produced an optimal probabilistic time-span tree.

Bel [70] introduced formal models for representing Indian tabla musical patterns. Pattern and
Bol Processor (BP) grammar were used to explain musical structures. Bel and Kippen [27]
used BP software to generate musical patterns using formal grammar. The formal models
were used to represent improvised Indian tabla music. Bel and Kippen [28] explained
different types of BP grammar. This grammar represented transformations of musical
structure. Two versions of BP (BP1 and BP2) were used for music improvisation. Bel [29]
introduced a new formal grammar for representing Indian tabla music. BP2, with improved
features, was used for the composition and improvisation of music.

Jurish [31] represented symbolic music with formal language. The basic musical structures
were characterized as formal language. Giraud and Staworko [71] modeled music with
parametric grammar. Rohrmeier [72] used phrase-structure grammar rules to represent
diatonic harmonic progression. The grammar represented structural dependencies in music
sequences. McCormack [73] composed music by using L-system-based grammar. The pitch
and duration were used as the grammatical symbols. Puente et al. [74] also composed music
using formal grammar. They used grammatical evolution to compose melodies that sound the
same as the melodies composed by humans.

Roads [75] performed a literature survey on music representation using different grammar.
The grammar was proved to be an efficient way of representing musical structure. Khalifa et
al. [76] composed music using a genetic algorithm and formal grammar. They created motifs

and applied transformations to the combine motifs to generate musical themes. Sidorov et al.
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[77] represented the smallest grammar problem and analyzed the musical structure. The

proposed approach generated a context-free grammar for representing musical structures.

Table 2.1 depicts the major research work carried out using SCFG for music.

Table 2.1: Major findings in the field of Formal Grammar and music

Year Author’s Name Software/ Technique Applications

2007 | Gilbert and Conklin [68] | Lilypond software Melodic reduction

2007 | Keller and Morrison [3] | Impro-visor software Music Composition

2009 | Perchy and Sarria [2] Lilypond software Music Composition

2010 | Kitani and Koike [8] ImprovGenerator software Music Composition

2014 | Abdallah and Gold [6] Shortest possible grammar Generated grammar  for

musical structures

2015 | Hamanaka et al. [69] Generative theory of tonal music | Generated time span- tree

2016 | Abdallah et al. [6] Programming in statistical | Analyzed symbolic music
modeling

2016 | Groves [5] Generative theory of tonal music | Melodic reduction

2.3 HMM FOR MUSICAL COMPOSITION

The hidden Markov model provides a framework for modeling the relationship between a set
of notes and acoustic features. HMM is capable of representing flexible musical patterns.
HMM is a statistical model that is used for modeling systems. In HMM, the sequence of
states depends upon the present state. It consists of emission states (observable) and hidden
states. The sequence of states in the model can be identified by analyzing the observed states.
Chai and Vercoe [78] classified different country’s folk music with HMM. They represented
a significant statistical difference in the music of the different countries. Durey and Clements
[79] proposed a model for retrieving the melody of songs. They have used HMM to spot
melody in any musical patterns.

Takeda et al. [80] described an HMM for rhythm recognition of Musical Instrument Digital
Interface (MIDI) signals. The tempo value, bar locations, and notes were evaluated for
recognition. Takeda et al. [81] used a probabilistic approach for recognizing rhythm and
tempo. This approach also evaluated temporal factors for a given performance. Pollastri and
Simoncelli [82] abstracted musician’s style with the trained HMMs. A sequence belongs to a
particular composer if the corresponding HMM gives the maximum probability for it.

Clement [83] implemented a method using probabilistic grammar to represent and compose
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music. The model enhanced the learning of other musical features like tempo, rhythm,
melody, and duration.

Reddy et al. [84] developed a HMM-based system for identifying Indian raga. The system
was based on an automatic notes transcription. HMM was further improved with the pakad
matching string algorithm and Mel Frequency Cepstral Coefficients (MFCCs). Bhattacharjee
and Srinivasan [85] proposed a transition probability matrix in HMM to represent ragas. This
representation helped in the identification and understanding of raga perception.

Krishna [86] proposed an HMM to identify the Carnatic raga. The melakarta ragas were
recognized using the proposed model. The notes in the song acted as the states of the model.
Sinith and Rajeev [87] designed an HMM system to recognize musical patterns in
monophonic South Indian classical music. Each musical pattern was converted into a
sequence of frequency jumps. The sequence of frequency jumps was given as input to the
system. Mohapatra and Awasthi [88] composed Indian classical music with HMM. They used
genetic algorithms with HMM. Pandey et al. [89] designed a system called Tansen for raga
identification based on HMM. Yanchenko [90] and Yanchenko and Mukherjee [91] explored
HMMs and their variants for composing classical piano musical pieces. The proposed models
could compose a new musical structure similar to the musical pieces generated by a human.
Gao [92] segmented and identified music through HMM. They used HMM and feature
extraction methods. Shao et al. [93] presented an unsupervised method for music genre
classification. The classification was done based on similarity measures provided by HMM.
Raphael [94] solved the segmentation problem of acoustic music signals. The musical piece
was segmented into different regions for notes and rests in sheet music. The segmentation
errors were reduced by using HMM.

Lee [95] introduced an automatic chord transcription system. The symbolic data was used to
label musical files with HMM. Orio and Zen [96] proposed an HMM for identifying rock and
pop songs based on their melody. HMM was designed from digital musical scores. The states
of HMM were represented by the musical notes, and probabilities were evaluated from the
data in musical scores.

Cazau and Nuel [97] modeled HMM for automatic music transcription. The proposed model
was enhanced by using multi-pitch evaluation. Lee and Slaney [98] used HMM to perform
chord transcription and key extraction from raw audio files. The model explained the
automatic generation of labeled data for the machine learning models.

Qi et al. [99] analyzed music with an HMM-mixture model based on the Dirichlet process.
Sheh and Ellis [100] designed a chord segmentation and recognition system with HMM. The
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HMMs were trained with the expectation-maximization algorithm. This system also
transcripts chords from unstructured polyphonic audio files.

Ueda [101] discussed a method based on HMM for automatically detecting chords. The
HMM used acoustic features for higher recognition rates. Chai and Vercoe [102] segmented
musical sequences. They identified a crucial change in piano music. Cano et al. [103]
implemented HMMs for matching score performances in music. Batlle et al. [104] designed
an HMM to identify songs automatically from noisy audio files. Sertan and Chordia [105]
developed a variable-length Markov model for predicting melodies. The model generated
melodic improvisation for Turkey’s folk music. Mesaros and Tuomas [106] proposed a
monophonic model based on HMM.

Miotto et al. [107] modeled music using HMM. The model identified and aligned the music
recordings. Zaragoza [108] described an approach for recognizing early handwritten music
notations. Jin and Jagadish [109] retrieved music using an HMM indexing mechanism. The
musical pieces were represented by their corresponding HMM. Miotto and Orio [110] applied
HMM for identifying music. The musical performances were labeled by matching them with
pre-labeled recordings in the music database. Blass [111] classified timbre-based drum
patterns by HMM. The onset algorithm extracted the timbre features of the data. Chithra et al.
[112] presented a method for retrieving musical information for polyphonic Indian music.
HMM was developed to extract the required musical information.

A lot of work has been done with Western music and HMM. Figure 2.2 shows the percentage
of the papers that used Indian and Western music with HMM. Seven papers used Indian
music for HMM, and the rest of the HMM-related papers (forty-three) used Western music.

Type of music used

¥ Indian music
B 'Western music

Figure 2.2: HMM papers with Indian and Western music
Flexer [113] used HMM for finding spectral similarity among songs. HMM and Gaussian
Mixture Models (GMM) were compared for computing the song’s spectral similarity. They
shared that HMMs provided better results. Patricio and Chew [114] explored the application
of HMM for classifying performances of similar musical pieces. The HMMs were trained on

scikit-learning to classify performances automatically. Peeters [115] proposed an automatic
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estimation system of musical keys from the audio signal. The HMM used chroma vectors as
observations. The keys were estimated by finding the likelihood of chroma sequence in the
musical corpus.

Chandrashekaran [116] retrieved songs with HMM. HMM provides robustness by handling
any noise present in the song. Dhulekar and Shah [117] introduced a method for beat tracking
of audio musical signals through HMM. Dalin-Volsing [118] classified musical genres with
HMM. Audio data files were classified into four genres: Pop, R&B, classical, and jazz, using
proposed HMMs. Kerr [119] designed an HMM to analyze the melodic structure. The
analyzed structures were represented in newly generated music compositions using HMM.
Berget [120] predicted the musical chords with HMM. Four different HMMs were proposed
for predicting chords from the sheet music.

Karpov and Subhramanian [121] classified musical genres by applying HMM and digital
signal processing techniques. The model was best suited only for a medium-sized collection
of music genres. Petruncio and Johnson [122] evaluated different musical features for
classifying musical genres using HMM. Benetos and Weyde [123] used explicit duration
HMM to model notes duration for the transcription of polyphonic music from the instrument.
Nakamura et al. [124] proposed a model for generating a new score using the symbolic
performance algorithm. An autoregressive hidden semi-Markov model was used to follow the
score and represent polyphonic music symbolically. Nakano et al. [125] used Mondrian
HMM for analyzing musical signals. The model captured the clusters present in the transition
of hidden states.

Wang and Dubnov [126] clustered notes based on temporal context similarity. The context-
aware HMM captured temporal relationships based on the variable Markov Oracle. Simon et
al. [127] introduced MySong to generate musical accompaniment for vocal melodies.
MySong used trained HMMs to compose musical chords for different melodies.

A lot of research has been done in the field of HMM for various musical operations like
classification, composition, and representation of music. Table 2.2 represents the
classification of different kinds of music with HMM and the accuracy achieved in the
classification process.

2.4 N-GRAM FOR MUSICAL PATTERNS

N-gram uses pattern matching to retrieve musical information. The increasing musical
database is managed and indexed by n-gram. An n-gram is a sequence of n continuous words
from a given sequence of text in a corpus. The sentence is split into smaller chunks of

consecutive words of n length. An n-gram, having size 1, is termed a unigram.
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Similarly, n-grams with size 2 are bigram, and so on. N-gram is an algorithm for identifying
the next word in a sequence after analyzing n-1 words. Finding the probability of an
upcoming word is related to computing the probability of a sequence of words. We have
surveyed the work of different authors to show the efficiency of n-gram for different musical
operations.

Scholz [128] used probabilistic n-gram with n> 2 for modeling chord progressions. It has
been observed that n-gram and the smoothing technique give better results. Cheng [129]
recognized musical chords by applying the n-gram model and HMM. The musical emotions
were classified based on various chord features. The largest common chord subsequence and
chord histogram were used for managing, retrieving, and analyzing music.

Doraisamy and Ruger [130] explored n-gram techniques for retrieving full polyphonic music.
Two musical factors, pitch, and rhythm, were used for indexing musical data files. The
technique improved information using the onset time difference ratio between the pitch
events. Doraisamy and Ruger [131] studied the fault tolerance of the n-gram of polyphonic
music. The monophonic musical queries were solved using a polyphonic music database.
Doraisamy and Ruger [132] examined the retrieval performance for polyphonic music data
using concurrent and adjacent n-grams. The proposed method used an n-gram approach with
a word position indexer for indexing polyphonic music. Doraisamy and Ruger [133] retrieved
monophonic and polyphonic music. An improved n-gram approach was used for indexing
monophonic music data to polyphonic music. Query-by-humming was the center point for
monophonic queries, and query-by-example was the center point for polyphonic queries.
Doraisamy and Ruger [134] worked in the field of polyphonic music. The music information
retrieval (MIR) system was designed with n-gram. The pre-processing and indexing of
musical documents were performed to retrieve information. A proximity-based operator and
the ranking function were used for improved efficiency.

Lo and Lucas [135] composed music using the n-gram system as trainable music evaluators
in the evolutionary algorithms. The system had the problem of repetitive musical sequences.
N-gram acted as a fitness function in an evolutionary algorithm. Lo and Lucas [136] removed
the problem of repetitive sequence using a constraint. Mutation and permutation were applied
on a selected note bag to solve the maximum likelihood repetitive sequence problem. Ogihara
and Li [137] identified composition styles through n-gram models. N-grams were assigned
with a weight proportional to each musical beat count. The different composition styles were
generated from chord progression using n-gram profiles.
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Table 2.2: Music classification using HMM

Year | Author’s Dataset Accuracy Sampling
Name rate
. Total 491 folk songs: 75%(for Irish), | ---
o]
= EE %. 187 Irish, 77%(for German) ,
Q s 8 200 German, and 66% (for Austrian)
(@] (&)
> 104 Austrian folk songs
= Total 605 musical themes: 42%
c =
o S B _, | Mozart, Beethoven, Dvorak,
g |2 £§ _ _
& |8 2 & |stravinsky, and The Beatles musical
S =
o @ themes
Total 252 songs: 11.025
T 8 47 Celtic, KHz
o T 8 = :
S 3 E N 69 Western Classical,
Y e o
S 5 70 Techno &Trance, and
(9]
66 rock songs
. Total 200 music pieces: 89% 44.1KHz
o™
g = 50 Pop,
§ X 8 50 Country,
- 2 ‘x% 50 Jazz, and
B & ’
X 50 Classic music
Pop, Rock, and Electro solo drum | 100% (for simple | 44.1 KHz
™
s @ = musical pieces music)
N IS o
m
— Total 200 music genres: 88.3%
s g
. s Jazz,
S | € g
N % % Rock,
o = Classical and Dance music
Total 400 music genres: 74.2% (audio data), | 44.1KHz
§ 100 Pop, 54%  (theoretical
—
g o 100 Classical, data)
N =
= 100 Jazz, and
>

100 R&B music
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Takano and Osana [138] designed an automatic music composition system with a genetic
algorithm and an n-gram model. Melody blocks were used for music composition. Each
melody block was trained with n-grams. Eight different factors calculated the required fitness
function to generate melodies. Paulus and Klapuri [139] proposed a system for drum
sequence transcription. Conventional and periodic n-grams were used to model the system.
Lap and Kao [140] studied the indexing of musical features using n-gram. Different issues of
indexing musical features using simulated queries were considered. Wolkowicz et al. [141]
introduced a novel approach for recognizing composers. N-gram was used for indexing and
browsing musical libraries. Wang et al. [142] retrieved musical themes by using index
structures. The proposed structure was based on the n-gram and inverted files. Indexing and
inverted files were used to generate an algorithm for mining musical themes.

Trochidis et al. [143] proposed a new system, CAMEL, for automatic music generation. The
system generates new compositions of Carnatic music using n-gram methods. The N-gram
method was used to represent short rhythmic patterns in Carnatic music. Unal et al. [144]
classified Turkey’s makam music using n-gram models with the SRI Language Modeling
(SRILM) toolkit. The n-gram-based makam statistical models were used to detect symbolic
data of makam music. Frieler [145] generalized n-gram approaches. The approaches were
used to measure similarity in a single line of musical patterns. Patel and Mundur [146]
extracted recurring patterns in musical scores using n-gram. Kumamoto and Ohta [147]
developed an n-gram system for MIR based on impressions.

Doraisamy [148] used the n-gram approach for retrieving polyphonic music. Different n-
gram techniques were compared for indexing full polyphonic music. Uitdenbogerd [149]
matched musical patterns in symbolic melody by applying n-gram method. The query of
indexing the n-gram to search for a melody from the musical collection was solved. Salosaari
and Jarvelin [150] designed the MUSIR model for music information retrieval. Time and
interval sequences were extracted using a filtering mechanism on MIDI files. The extracted
information was changed to an n-gram representation for retrieving different-length musical
documents.

Pakhare and Potey [151] identified different composer’s styles. Multimodal, pattern
recognition and co-updating approaches were studied and compared for music retrieval.
Hauser [152] presented a probabilistic model for sequencing musical chords. N-gram was
used for analyzing musical chords. Suyoto and Uitdenbogerd [153] proposed n-gram methods
for retrieving music. N-gram indexing retrieves symbolic melody from a musical collection.

Wang et al. [154] presented a novel method for audio fingerprinting using n-grams. N-grams
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could identify audio segments even if the musical signal were distorted. N-gram accelerated
the searching speed and improved retrieval accuracy.

Hontanilla et al. [155] modeled musical styles using n-grams. The techniques of language
modeling captured musician’s styles. The musical style models recognized different
composers. Zheng et al. [156] classified musical genres with n-gram. The approach used
high-level musical features for classification purposes. Felch and Song [157] performed
music improvisation using n-gram models. A statistical model was implemented to generate
musical sequences automatically that follow musical improvisations. Alpkkocak and Gedik
[158] classified Turkish songs based on makams. A two-level hierarchy with a decision tree
and linear discriminated classifier was used for classification using an n-gram.

N-gram can relate different musical operations, such as the classification of music, MIR,
music type identification, and music modeling. Most researchers worked on the MIR, but less
work has been done in music classification as represented in Figure 2.3.

2.5 FSM AND FST WITH MUSIC

An artificial generation or identification of music has many implications for Indian and
Western music. The artificial models are based on FSMs and FSTs for analyzing and
composing musical sequences. FSM is a computational model based on theoretical machines
with finite states. FSM can be modeled for various software and hardware problems in many
fields. It changes its state when an external input is given. FSM has only one memory tape. It
defines a language by analyzing the set of accepted strings. FST is an FSM with an input and
an output tape. Input tape is used to accept the input string, and output tape is used to
generate another string.

18
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Figure 2.3: N-gram with various musical operations
Das and Choudhury [159] discussed a model for generating Hindustani classical music. The
arohana and avarohana of the required raga were used to implement the model. The hand-
crafted bigram FSM was used to generate the sequence of notes. The quality of the sequences
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composed was checked by comparing them with the sequences generated from unigram
models. Hosoya et al. [160] described a recognition grammar to recognize lyrics from a
singing voice. A finite-state automaton (FSA) accepts only a part of word sequences present
in the song database.

Oliwa and Wagner [161] presented a system for music composition using FSM and neural
networks. The system reminds all the critical elements used for creating nelw musical
patterns. The inductive learning from neural networks was used to gain musical knowledge.
Zaragoza and Oncina [162] recognize pen-based music notations using FSA. The
probabilistic FSA was used to identify probabilities of musical sequences. The proposed
approach helped in learning handwriting styles from the data. Suzuki et al. [163] used lyrics
and melody to design the MIR system. They have used FSA as a recognition grammar in the
music retrieval system.

Weinstein and Moreno [164] identified music using weighted FST. Unsupervised training
was used to learn musical sequences. The proposed approach matches sequences of music
phonemes. Buys and Merwe [165] harmonized four-part musical pieces using weighted FST.
The FST was designed for horizontal and vertical structures generated in harmonization. The
weights in FST were assigned by estimating the maximum likelihood from the dataset.

Mohri et al. [166] identified and detected music based on weighted FST. The effect of noise
and other distortion on the system was analyzed. Mohri et al. [167] identified music based on
the Gaussian model and weighted FST. Their model represented songs using FST and
detected noises and distortion presented in the song.

Hubler and Hoffmann [168] represented drum patterns using weighted FST. The input to the
system was the bar length in the drum patterns. The trained models automatically recognize
drum patterns from a given sequence. Forsyth and Bello [169] used FST to compose
harmonic accompaniment to a melody. The system was trained on MIDI data. The system
was evaluated using computing accuracy and per-symbol distortion. Forsyth et al. [170]
composed harmonic accompaniment to the melody using a speech recognition technique for
FST.

2.6 AGL FOR MUSIC

AGL is a model used to study implicit learning. Implicit learning is unconscious learning of
complicated information. AGL investigates the extent to which any person can detect the
given patterns. People can acquire complex musical structures without the intention of

learning them. Music can be learned without the awareness of its structure and rules. It can be
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acquired incidentally only by hearing several musical sequences. Various researchers worked
on music and AGL.

Ettlinger et al. [171] reviewed the implicit memory in music. The effect of implicitly acquired
knowledge and its associated structures were analyzed. They examined music and language
in the context of implicit memory. Rohrmeier and Widdess [172] investigated melodic
features in North Indian traditional music through implicit learning. Cross-grammar designs
were used on the ragas, which had similar scales. Musicians, as well as non-musicians,
learned musical structures with a brief introduction to the musical structures.

Loui [173] studied linking and learning of musical harmony and melody. AGL was used to
identify various aspects of music that could enhance learning. Bly et al. [174] learned musical
structures and phonological sequences through domain-specific learning. Both the structures
were grammatically similar, but the learning was easier for melody-related chord sequences
instead of sequences with letter names.

Kuhn and Dienes [175] proved that implicit learning of non-local musical sequences was
beyond the learning of musical chunks. Musical sequences from diatonic inversion were used
for implicit learning. Desmet et al. [176] commented on the work of Kuhn and Dienes [175]
and proved that their result was due to confounds between the by-products of diatonic
inversion. Whenever confounds were removed from Kuhn and Deines’s dataset, the effect of
grammaticality disappeared.

Rohrmeier and Cross [177] studied the implicit learning of harmonically context-free
structures. The learning ability of different harmonic structures was analyzed. They
concluded that the implicit learning of grammatical structures was different from the learning
of ungrammatical structures. Tillmann [178] discussed learning regularities in an artificial
tone system. Music cognition including music learning, perception, and expectations were
discussed. Jiang et al. [179] investigated whether the rules found in Tang’s Chinese poetry
could be implicitly learned or not. The results showed that implicit learning is possible in the
tonal inversion rules.

Schellenberg [180] examined implicit knowledge in children. A sequence of chords ended by
a final chord was used as a dataset. They proved that children had implicit knowledge about
harmony in Western music. Selechenkova et al. [181] investigated the effect of temporal
regularities on implicit learning. The implicit learning of pitch structure helped listeners to
identify the next musical sequences. Tillmann and Poulin-Charronnat [182] studied auditory
expectations for newly acquired structures. They identified that newly acquired knowledge
could help in developing perceptual expectations for upcoming events. Rohrmeier and
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Rebuschat [183] analyzed implicit learning for music acquisition. The validity of cross-
culture implicit learning was analyzed. Bigand et al. [184] studied the implicit learning of
musical timbres of an artificial grammar. Dienes and Higgins [185] identified the extent to
which music can be learned implicitly. They determined the learning ability of musical
sequences. Schellenberg [186] examined the implication-realization model for continuous
melodies in tone expectancies. The model proved efficient for predicting judgments of
different musical styles. Rohrmeier and Cross [187] explored AGL for musical melodies. The
effect of Narmour’s principle on melodic learning was analyzed. They found that the
structures with no basic melodic principles were harder to learn. Rohrmeier et al. [188]
worked on incidental and online learning of melodic systems. The study was carried out for
musical acquisition using AGL.

The results showed that musicians and non-musicians performed almost similarly. Tillmann
et al. [189] demonstrated implicit learning of tonality in a highly structured system using a
self-organizing approach. The tones were clustered to form chords in the system.

Bigand and Poulin-Charronnat [190] identified musical capacities that do not depend on
musical training. Endress [191] learned the musical melodies from non-adjacent tones. The
different constraints which limit the amount of implicit learning of melodies were examined.
Tillmann [192] investigated implicit learning of tonal knowledge for analyzing non-
musicians. Various researchers conducted experiments to determine the extent of implicit
learning of music by children, musicians, and non-musicians, as shown in Table 2.3.

Table 2.3: Summary of research done for learning music using AGL. Here Exp, GS, and VS

represent the experiments performed, grammatical, and ungrammatical structures
respectively.
Ye | Author’s Name Participants Dataset Result
ar
s 120 Psychology | 20 GS and 25 US Participants were able to find
& & :
o S g students, new sequences by exposing
© = S - - - -
& 2 3 g University of GS to musical timbres.
= @)
g @ Bourgogne
- 96 Individuals, | 120 GS and 120 US Implicit learning could go
c [%2] —_—
S| & 2 2 University of beyond the learning of
SRR =
% Sussex musical chunks.
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Exp 1: 20 | Expl: 8  melodic | Implication-realization

Member, Cornell | fragments (British folk | model was over specified.

University song) Participants with no musical

g Exp 2: 26 | Exp 2: 8 melodic | background acquired musical
o | 2 Member, Cornell | fragment (Webern | sequences.
§ % University Lieder)
E Exp 3: 16 | Exp 3: 2 melodic
@ Member, Cornell | fragment (Chinese folk
University song)
Exp 1: 4 Groups | Exp 1: 12 tones Different people with
% g Exp 2a: 32 | Exp 2a: 35 tones different  interests  could
§ § g students Exp 2b:12 tones detect melodies implicitly to
N A %3 Exp 2b: 14 different levels.
students
= Exp 1: 23 | Exp 1, 2: 24 tones Children had implicit
" é = Children knowledge of syntactic
(C\>l % S Exp 2: 36 features  that  represent
§ Children Western music.

3 participants Four categories of | Implicitly acquired musical
w| & = words knowledge allowed non-
§ E % musicians to extract relations

" among musical structures.

A 202 Students, | 36 GS and 36 US Learning was better for
§ 51 é % g Rutgers Newark participants for harmonically
N S & = University related chord sequences.

< 18 Adult | 66 GS and 66 US Participants were able to
> | B & g o % musicians learn long-distance
§, % 3 = c—i % dependencies.
a o ‘65 — g
o
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Exp 1 32 | 37 GS and 37 US Acquiring a new musical

g . Students, Lyon structure’s knowledge

§ % University developed a  perceptual
g -c% g Exp 2: 24 expectation among
N § % Students, participants.

c
.E O University of
Burgundy

— Exp 1-4: 20, 20, | Ten different trials Non-adjacent tone relations
o ,8‘:, 20, and 20 Italian were difficult to compute for
§ @ speakers for each the participants.

-._% Exp.
_ 5 5 § _ 59 Western adults | 17 old GS and 16 new | Participants acquired musical
§ E é g g GS structures  with incidental

r g learning.
M 43 Volunteers 48 GS and 96 US Participants could detect
§ % E inversions unconsciously.

— 4+

@ ” 65 Western adults | 2 Indian ragas: Multani | Both musicians and non-
% _qg _(% % §' and Todi Raga musicians learned musical

g =~ patterns.

24 400 Melodic structure | Disrupting melody disabled
~ g Undergraduates, learning, but  disrupting
§ g University of harmony did not affect

= California learning.

@ 31 Adults, | 17 old GS and 16 new | Melodic  structures  that
g g -c% g g University of | GS violate melodic principles
N g -0 = Cambridge seemed harder to be learned.

- 35 Students, | 36 Tuned, mistuned | Strong capability to

> © c N L e
g % § é .O:o. Lyon University G\-S, and 36 tuned, |mpll(?|tly Iea-rn artificial
S5 g E =, mistuned the US materials ~ with  regular

& exposure to patterns.

Various works on Indian and Western music composition have been surveyed, and key

findings have been cited for relating to the objective of the work and their implication
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research. The relevant available literature has been extensively surveyed and discussed. The
work has helped in framing formal grammar and model for Indian music. The work is based
on modeling of raga and tala which are the basic rhythmic elements of Indian music. The
available literature survey has been concisely utilized to pave the way for guidance and
results of work.

2.7 GAPS IN LITERATURE

Based on the literature survey, some of the research gaps were identified for the proposed
research work of computational musicology.

1. For many years, work related to formal grammar and music composition has been
examined, but there are still various open problems. A literature survey reveals that
music highly correlates with formal grammar. Stochastic Context-free grammar
(SCFQG) or regulated grammar can generate grammar for a musical composition.

2. Many researchers have designed techniques for generating a formal grammar for
English music but very little attention has been paid to Indian music grammar
generation. Hence, there is a need to introduce a technique for generating a formal
grammar for Indian music. The N-gram or HMM approach can be used in conjunction
with music to find a composition style from a chord progression, and it will lead to
different options for composers and genres for generating new composition styles.

3. Various methods have been developed to generate English music using different finite
state methods, but little attention has been given to Indian music. Therefore, ample
scope exists for these formal models or probabilistic models to be used with Indian
music.

2.7 PROBLEM FORMULATION

In this section, the problem statement and objective of our work have been discussed.
2.7.1 PROBLEM STATEMENT
The research proposed in this work is to design a formal grammar for Indian music. The aim
of the research proposal is related to formal grammar and applying it to the composition of
Indian music. A song will be given as input in a musical tool to generate the grammar of that
song as output. The output can be generated for the song by using the chord progression used
in that song. The grammar generated will help to parse the musical composition by providing
us with the most probable parse for the given song.
2.7.2 OBJECTIVES

The following are the objectives of this dissertation:

1. Design of a technique for generating a formal grammar for Indian music.
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2. To apply any existing tools in aid for the generation of formal grammar.

3. To design a formal model for the generation of Indian music.
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CHAPTER 3
GENERATING FORMAL GRAMMAR FOR INDIAN MUSICAL
COMPOSITION

We have a set of input symbols and production rules in formal grammar. The required string
is generated by using the production rules on input symbols. Similarly, in music, we have a
set of input symbols and rules of music composition. So, the concepts of formal grammar and
music can be interrelated. The vital part of music generation comprises some musically
organized rules. The task of music composition does not have a specific solution. For music
composition, there is a need to develop a system that can generate pleasing musical
sequences and generate various kinds of music. Musical rules are applied based on scale
(major/minor) and key used in the composition.

3.1 TOOL USED FOR GENERATING MUSICAL SHEET

We use a musical tool, MuseScore, to generate a musical sheet for the composition. The
musical sheet consists of musical symbols of written musical notation. The symbols on the

sheet represent the chords and rhythms of a musical structure.
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Figure 3.1: Musical sheet for the National Anthem of India
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MuseScore is powerful, free, flexible, and open-source software. It is very easy for musicians
as well as non-musicians to use. Input can be given using a mouse, keyboard, or virtual piano
keyboard. One can also play and listen to the musical sheet generated through MuseScore.
The musical sheet for India’s National Anthem generated by MuseScore is shown in Figure
3.1

3.2 IDENTIFYING CHORDS USED IN MUSICAL COMPOSITION

As discussed, music and formal grammar can be interrelated; therefore, grammar can be
generated for a musical composition. Musical rules are applied based on scale (major/minor)
and key used in the composition.

A musical sheet is analyzed for each musical symbol. For notes represented in the sheet,
chords, and chord progression are identified. Musical rules for chord progression are shown
in Figure 3.2. Using the key used in the composition, each chord is numbered accordingly.

For example, in C major, chord CEG and ACE are represented by | and vi.

Predominants Dominants -‘"‘I‘:

. 11 \% ]
1 —> vi —> —> i - |

\ v vii

Figure 3.2: The chord progression in major scale [193]

These numbers are then represented with degree notations, as shown in Table 1. The degree
notations define the string for a particular phrase.
Table 3.1: Degree Representation

Tonic Supertonic Mediant Subdominant | Dominant | Submediant | Subtonic

(M (S1) (M) (D) (S2)
| li lii lv Y Vi vii

For these phrases, we have written the production rules and PCFG. A probabilistic context-
free grammar is modeled to generate the same progression as the composition’s. Using
musical rules and probabilistic context-free grammar rules, the required grammar for the
National Anthem is generated.

Degree functions:

T —1[0.53] #Tonic
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—1ii [0.30]
Vi [0.17]
S, > iv[0.26] #Subdominant
— i [0.56]
— Vi [0.18]
D —v [0.29] #Dominant
— Vii [0.29]
—iii [0.43]
M —iii [1.0] #Mediant
S, —>vi [1.0] #Submediant
3.3 GRAMMAR GENERATION
S’ is the start symbol, S is used for the phrase, and the end of the phrase is represented by

symbol F.

Start:

S —>SF [1.0]
Phrases:

S >TSTS .l [0.07]
—TS,STS 2 [0.07]
— S,DS,DTF .3 [0.07]
—>TMS,DS nd [0.07]
— §,5,DS,TS oS [0.07]
—>TS,DF .et6 [0.07]
—TS,DS,TS w7 [0.16]
— DTS,S,S w8 [0.07]
— §,DTS ) [0.07]
—TDTF ....10 [0.07]
— S,TS,SDT w1 [0.07]
— DTDTF 12 [0.07]
—> S,TS,F 13 [0.07]
End:
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FTST .14 [0.5]
TS, ...15 [0.5]

A probabilistic context-free grammar is used to generate the grammar of a musical
composition. All the production rules are assigned with some probabilities based on Prob.

number of times r is used in composition

Probp=

total number of rules used

The rules expanded for the same non-terminal symbol should have the sum of their
probabilities equal to 1. The probability of the degree (Prob()) is also calculated in the same
manner.

number of times d is used in composition

Prob)=

total number of degrees used in composition
3.3.1 The first string of song:
TS,TTS,S,TS,DS,DTTS,T

Grammar for the string
S—>TSTS....1

S > TSTTS,STS....2

S > TS TTS,STS,DS,DTS ....3
TS,TTS,5,TS,DS,DTTST ....14
3.3.2 The second string of song:
TMS,DS,S,DS,TTS,DTS,
Grammar for the string
S—>TMSDDS...4

S -»>TMS,DS,S,DS DS ....5

S —TMS,DS,S,DS,TTS,DF ....6

S —TMS,DS,S,DS,TTS,DTS, ....15
3.3.3 The third string of song:
TS,DS,TTS,DS,TTS,T

Grammar for the string

S —>TS,DSTS....7

S —>TS,DS,TTS,DSTTST ....7
S —>TS,DS,TTS,DS,TTST ....14
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3.3.4 The fourth string of song:
DTS,S,S,DTTDTTS,T

Grammar for the string

S —>DTS,SS....8

S —» DTS,S,S,DTS ....9

S — DTS,S,S,DTTDTS ....10

S — DTS,S,S,DTTDTS,T ....14
3.3.5 The fifth string of song:
S,TS,DTDTDTDTS,

Grammar for the string
S—>STSS...11

S — STS,DTS....12

S —S,TS,DTDTS ....12

S — S,TS,DTDTDTTS,....15
3.3.6 The sixth string of song:
STSTS,

Grammar for the string

S —>STS,....11

S - STSTS,....15

3.4 CONCLUSION

We proposed a method for generating formal grammar for Indian music. The grammar
generated satisfies music rules and SCFG rules. MuseScore is used to generate the musical
sheet for the composition. From the sheet, musical symbols are analyzed, and grammar is
generated. Our work can help musicians as well as non-musicians in their music composition
work. Grammar for different compositions can be generated by using the concept described

in this chapter.
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CHAPTER 4
MIMVOGUE: MODELING INDIAN MUSIC USING A VARIABLE
ORDER GAPPED HMM

4.1 INTRODUCTION

Music composition and mathematical computation are closely related as they have similar
aesthetics. In the last few years, musicians and researchers have used computers to design
compositional models for musical patterns. The hidden Markov model (HMM) is a statistical
method that can be used to analyze and compose musical patterns. Various researchers used
HMM to analyze speech recognition, biological sequence, robot control [194], modeling
observed real-world data [195], and composing music [196]. In first-order HMM, the present
state depends only on its previous state and can emit more than one symbol. Higher-order (n-
order) HMM requires a joint evaluation probability for all previous states.

First-order HMM did not consider the sequential dependencies for longer ranges. Higher-
order HMM has been proposed to overcome the limitation of first-order HMM, but it results
in low accuracy and high state-space complexity. In most raga patterns, a particular VOGUE
can handle sub-sequences separated by length gaps. To overcome the limitation of these
HMMs, Variable Order and Gapped HMM for Unstructured Elements (VOGUE), Bouqata,
Carothers, Szymanski, and Zaki proposed a variant of HMM in 2006. VOGUE integrates two
techniques, sequential pattern mining and data modelling, to generate the model. VOGUE is
generated by using two steps. The first step uses a Variable-Gap Sequence miner (VGS)
algorithm to mine frequent patterns of variable length that have different gap lengths between
the elements. The second step uses these mined sequences to build the VOGUE model.
VOGUE can model many real-world problems with complex dependencies.

In this chapter, we applied VOGUE to Indian music to model musical sequences. VOGUE
can identify both short and long-range dependencies in musical sequences. In almost every
musical form, musical patterns repeat themselves that may or may not be separated by
variable gap lengths. VOGUE considers such kinds of patterns to model various musical
sequences.

4.2 PRELIMINARIES

This section briefly discusses the terminologies of Indian classical music and HMM. The raga
is termed the basic unit of Indian classical music [197]. The two phrases, arohana and
avarohana represent a raga. The arohana consists of notes in ascending order, and avarohana

has notes in descending order that a raga must follow [198]. A bandish is a summary of a
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raga over which raga is expanded or composed by musicians. The notation of bandish is not
fixed and varies according to musicians [199]. The bandish of raga Bhairav is used as a
musical sequence to generate the model. The notation of bandish uses arohana (S, Rb, G, M,
P, Db, N, S') and avarohana (S', N, Db, P, M, G, Rb, S) [200] of raga Bhairav. Along with the
notes, prolongation of a note (—) represents long durations between the notes. HMM
represents a probability distribution over observations and can model sequential data
efficiently. The HMM has a hidden process and an observable process [201]. Transitions
among the HMM states are maintained by a set of transition probabilities.

A HMM is defined by Quintuple (Q, 2, A, B, z) where,

Q s a set of states.
2. is an alphabet consisting of a set of symbols in the training set.

Arepresent state transition probabilities and denoted by A=a;, here g;is the probability
from state ito state j.

B denotes the symbol emission probability and B =b.(v,) represents the probability emitting
v, at state i.

7 represents the initial state.

4.3 VOGUE MODEL FOR INDIAN MUSIC

VOGUE was motivated by variable range dependencies among sequential data. It was
introduced to analyze English text and to model real-world problems like protein sequences.
The modeling of VOGUE includes two steps:

1. Mining frequent sequences via the Variable-Gap Sequence mining (VGS) algorithm,

2. Modeling mined data. It mines frequently occurring sequences with variable gaps having
g symbols between two alphabets.

We model VOGUE for a raga bhairav from Indian classical music. Let Z be the musical
sequences in bandish of Bhairav raga. Let F be the frequently mined sub-sequences by VGS

and k be the maximum length (max gap) of the mined sequence. We are consideringk =2
for modeling VOGUE with the frequently mined sequences. LetFandF,,(F=F UF,) be

the all frequently mined subsequence with length one and length two, respectively (Table

4.1). Let I'={v,|v,v,eF} be the set of all different first position symbols, and

O={v,|v,v, eF}be the set of all different symbols at second positions of every
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subsequence inF,. The mined sequences evaluate the joint probabilities of states for the

model.

Table 4.1: Frequency of symbols in musical sequence

Notes S R, |G M P D, | N S Prolongation

of note (-)

Frequency |23 |34 |50 |59 |54 |50 (46 |47 |42

Table 4.2 represents the most frequently occurring subsequence in Z with different length
symbol gaps. The basic VOGUE model (1) can be defined by 6-tuples {Q,Z, A B, 7, A}

[182] where > ={S,R,,G,M,P,D,,N,S,-}and M =X |=9.

The total number of states is calculated by,| Q|=N =N, + N, + G +1 where

N, =| " |=5represents the number of different symbols in the first position in F, .
N, =| © |=5represents the number of different symbols in the second position F, .

G represents the total number of gap states.

Table 4.2: Sub sequences of length 1 and 2 with gap information

Subsequence | Frequency | g=0 g=1 g=2 Gap symbols (with
frequency)

D,P 23 19 4 0 M (2),—(2)

DM 18 2 14 2 P(15),G(®),D, 1)

PP 17 5 10 2 D,P(6), M (7),—(1)

MD, 12 3 9 0 P(9)

MM 18 6 11 1 P(9),G(4),D,(®),—-(@)

GR, 13 9 4 0 M(3),PQ)

NN 14 6 3 5 D, (2),5(3),S (8)

NP 12 0 8 4 D,(12),S (3),G(1)

GP 14 2 11 1 M (12), D, (1)

Figure 4.1 represents the VOGUE model for the Indian music raga Bhairav (Z). The first

symbol states (Q;') are shown as circle-shaped, the second symbol states (Q,)are represented
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as double ellipse-shaped, the gap states (Q°) are shown as ellipse-shaped, and the universal

gap (Q")is shown as double box-shaped.
The algorithm for implementing the VOGUE model:

1. Define the set of states and the set of symbols. Initialize transition probabilities,
emission probabilities, and initial state probabilities.

2. Determine the maximum order of dependencies to consider in the model.

3. For each state, check which state is first symbol state, which one is second symbol
state and which is gapped symbol state from the dataset.

4. Calculate various probabilities, i.e.,

e Transition probabilities, A and denoted by A=a, , here a; is the probability from state
i to state j .

e Symbol emission probability Band B =b.(v,), represents the probability emittingv, at
statei .

e r,the initial state probability.

5. Draw the model representing various states, probabilities and transitions.
4.3.1 Symbol emission probability (B)

For any symbol state g; € Q; , emission probability is calculated as [202]:

(1, ifv,=vy
b(q;, vm) = {0, otherwise

For instance, the symbol state g,(D,) has the probability of emitting a symbol D, equal to 1.

The emission probability for any gap state g,, € Q? is given as [202]:

freCIab (vm) 1
Z, 5 Jreant )0 T 70
Vj€ b

b(qap, vm) =
The emission probability for any gap state g,, € Q? is given as [202]:

fredan (vm) 1
Z, 5 JreanGp )0 T 70
Vj€ Laap

b(CIab» vm) =

37



Here o is the smoothing parameter for handling the case when a symbol v_ is previously not

1-0 _

seen in the training set. For such cases, o is set to 0.99, which makes the other term ( — =

0.01 .
7) non-zero for unseen symbolsinZ .

For the gap state g, (D,P) , the frequency of the gap symbol M is 2, and the total gap symbols

are 4. Therefore, the emission probability of M from state g, is% %X 0.99 + % = 0.496.

For a universal gap g, , emission probability is calculated by [202]:

_ freq(vm) 1
b(qy,vm) = Zv = Frequn) X 0o +M x (1-0)

Figure 4.1: VOGUE HMM for Indian music Raga Bhairav

Where freq(v,,) is the frequency of the symbolv, . The probability of emittingS from the

universal state q,, is% %X 0.99 + % = 0.057. The frequency of Sis 23 (Table 4.1), and the
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total number of symbols is 405. Similarly, other state’s emission probabilities are evaluated,
as shown in Table 4.3.

4.3.2 The transition probability matrix (A)

The transition probability matrix (A) is calculated as [202]:

A:{a(qi,qj)|1£i,j§N} Here,
a(q;,9;)=P(@™ =0q,]q' =q,) is the probability of transition from stateq,toq; . Let X, be
the symbols in between the gap of v, andv, for any sequencev,v, € F, and freq,(v,) be the
frequency of the symbol v_ between v, andv, .

The first symbol state (g; € Q) can take transition either to a gap state q; € Q° (modelsg >1)
or to the second symbol state g; €Q;(modelsg =0). Let freq(v,,v,)be the frequency of
v,v,, and freq(v,,v,,g) be the frequency of v,v, with a gap length g.

The transition probability from the first symbol state g, € Q is calculated by [202]:

( freq(vi,vj,o)
: ifq; € Q3
ZViUbEFz freq(vi.vb) ! i
a(CIit q]) = { Zg>0 freCI(vi,vj,g) f € Q‘g
) ljq;
ZviviFz freq(virvb) !
\ 0, otherwise

Table 4.3: Symbol Emission Probability Matrix of VOGUE model for raga Bhairav

S R, G M P D, N S Prolongation
of note(-)
q, 1.000
d, 1.000
ds 1.000
Q. 1.000
0 1.000
0 0.001 |0.001 |0.001 |0.496 |0.001 |0.001 |0.001 |0.001 |0.496
d, 0.001 |0.001 |0.059 |0.001 |{0.874 |0.059 |0.001 |0.001 |0.001
U 0.001 |0.001 |0.001 |0.496 |0.001 |0.425 |0.001 |0.001 |0.072
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0o 0.001 |0.001 |0.001 |0.001 |0.991 |0.001 |0.001 |0.001 |0.001

0o 0.001 |0.001 |0.265 |0.001 |0.595 |0.067 |0.001 |0.001 |0.067

Oy 0.001 |0.001 |0.001 |0.892 |0.100 |0.001 |0.001 |0.001 |0.001

O, 0.199 |0.001 |0.001 |0.001 |0.001 |0.199 |0.001 |0.595 |0.001

Oha 0.001 |0.001 |0.059 |0.001 |0.001 |0.758 |0.001 |0.175 | 0.001

Ohs 0.001 |0.001 |0.001 |0.914 |0.001 |0.077 |0.001 |0.001 |0.001

Oss 1.000

Oos 1.000

O 1.000

Ous 1.000

Oho 1.000

Obo 0.057 |0.083 |0.123 |0.145 |0.133 |0.123 | 0.113 | 0.115 | 0.103

First symbol states are allowed to transit to the second symbol state or the gap states.

Transitions probability from the first symbol state g, to the second symbol state g, i.e., the

transition probability from D,toP, isg = 0.463. The frequency of D,P with g=0is 19,

and the frequency of D,with other frequently occurring symbols havingg >0 is 41 (see
Table 4.2 for details).

Transition probabilities from the first symbol state g, to a gap state g, ,i.€., probability from D,
toD,Pis i = 0.097. The frequency of D,P with g >1 is 4.

The transition probability of the gap state is calculated for g, = q,, € Q°using [202]:

(1, ifqi=qy€Q;
“(ql' qJ) = {0, otherwise

The gap state g,, € Q°can make transitions to the second symbol state only. If the second

symbol of the gap state is the same as the second symbol state, the transition probability is 1.

For example, the transition from gap state g, (D, P)to g, (P)gives transition probability

equal to 1.
Transition probabilities from the second symbol state are computed using [202]:
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ZCIbEQf freq(”j:vb)

) ifq; € Q7

a(q q) = ZvaviFz freq(vava) ] !
124

! 1-o, ifq; = qy € Q"

0, otherwise

Here, ¢=0.99 is a smoothing parameter. The state transition toQ"is done with a small

probability of 0.01(1-0=1-0.99). The second symbol state ¢, € Q, can go to either the first

symbol q; e Q; (model gap 0) or to the universal gap stateq, .

0.99x41
141

= 0.288. The

The transition from the second state g, (P)to the first state g, (D,) is
frequency of all sequences having D, as the first symbol in any gap state (0<g<2) is 41
and 141 is the frequency of all nine gap states with0 < g <2. The transition probability of
g, €Q, to the state q,,q,,0,,0,,0, € Q  andq,, is 0.288, 0.119, 0.210, 0.189, 0.183, and 0.1

respectively.

Forg, =q, (universal state), transition probabilities are estimated by [202]:

ZCIbEQf freq(vj'vb) ; s
Zv VpeF fT'eCI(v Vp ’ lfq] © Ql
a(q; q;) = avbera @ .
1-o, ifa; = qn
kO, otherwise

Universal gap state transitions are allowed either to the first symbol states or to itself.

Transition probability from universal state (q,,) to q, (D,) is% = 0.288. Here, the
frequency of all sequences having D, as the first note in any gap state having 0<g<2is 41
and 141 is the total number of gap states with 0 < g <2. Similarly, the transition probabilities

for the rest of the states are evaluated (See Table 4.4 for details).
4.3.3 State duration probability (A)

The number of symbols emitted from a state is defined as the duration of that state. The first

and second symbol states (g, € Qf) always emit only one symbol. Thus, the duration is always

1.
The matrix of state duration probability (A) is given by [202]: A ={A(q;,d) | d €[1, maxgap]}.

Let g, =q,, be the gap state betweenq, € Q’andq, €Q;, the state duration probabilities are

calculated using [202]:
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freq(va,vb,d)

, ifqi = qap € Q9

A(gy, d) = 2g>0freQ(va,vb,g)
Y 1, ifq; € Qjandd = 1
0, otherwise

Table 4.4: Transition Probability matrix of VOGUE model for raga Bhairav

Ch

q2 q3 q4 q5 q6 q7 q8 qg qu qll QIZ ql3 q14 q15

Ois

017

Ois

Ouo

Uz

.098 | .39 463

.0487

0.

.706 294

s

03|04

0.2

0.1

A

.148 44 | .074

.33

O

279 | 462

231

O

iy

O

o

Oho

Chy

Ch.

Ohs

Ohs

Ois

.288

119 | .21 | .189 | .183

.01

Cho

.288

119 | .21 | .189 | .183

.01

Chy

.288

119 | .21 | .189 | .183

.01

Ohs

.288

119 | .21 | .189 | .183

.01

Oho

.288

119 | .21 | .189 | .183

.01

020

.288

119 | .21 | .189 | .183

.01
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d =landg, €Q° (D,P), the state duration probability is %= 1. Here 4 is the frequency of
D,P with d =1and 4 in the denominator is the frequency of D,P withg >0.

Table 4.5: State duration probabilities of VOGUE model for raga Bhairav

s O s Qo o Oy O O3 Cha Other

q
d=1 1 875 1 .833 |1 916 |1 43 | .667|.916 | 1.0
d=2 125 | 167 .084 77 1.333].084 | 1.0

4.3.4 The initial state probability

The probability of any state g, at the beginning of the model is computed using:
zm={r(i)=P(q,|t=0),1<i <N}

where 7 is calculated as [202]:

ZQj€Q§ freq(vi.vj)

: ifq; € Q1

T = Zvavber freq(va'vb) ! !
1-o, ifgj = qn € Q"

0, otherwise

Initial state probability of initial probability of g, (D,)is0.99 x % = 0.288. The frequency

of D, with second symbol states is 41 and the frequency of all subsequences of length 2 is

141.

Table 4.6: Initial state probabilities (z) of VOGUE model for raga Bhairav

States | g | Q, |G A4 |G Uz
T 288 | .119 | .210 19 189 | .01

4.4 CONCLUSION

Many real-world problems like bioinformatics, text mining, and Web access use data with
variable range dependencies. First-order and higher-order HMM cannot handle sequences
separated by different length gaps. VOGUE considers all such non-consecutive sequences
with gap symbols and durations. The chapter discusses the implementation of VOGUE for
modeling Indian music. VOGUE merges two techniques to generate the model: pattern

mining and data modeling. In the future, we can apply VOGUE to a larger musical sequence
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database and increase the maximum length of sub-sequences (k > 2) to model sequences with

larger dependencies.
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CHAPTER 5
MATHEMATICAL MODELING OF INDIAN TALA’S KAIDAS AND

PALTAS USING FORMAL GRAMMAR
5.1 INTRODUCTION

Indian classical music includes two chief elements: Raga and Tala. Raga is used for the

melody of music, and Tala is the rhythm in Indian classical music. Rhythm is the
fundamental need for creating any musical system. Tala and its improvised patterns hold a
critical position in the Indian music system. Tala’s improvised patterns are kaidas and paltas
generated by applying various permutations and combinations. Cross-serial dependency is
analyzed in the paltas of a Tala’s kaida. There is a need to analyze the cross-serial
dependencies in the patterns of Tala’s kaida and the formal modeling of these patterns. The
implementation of these mathematical models can be used to check the accuracy of Tala’s
kaida.
Indian classical music is the most rhythmic and sophisticated music in the world; still, the
research on Indian music in recent times is limited and usually superficial. Such factors
agitate the need for analytical and computational research on the rhythmic organization of
Indian music. Researchers have done a lot of work on Indian ragas, but little research has
been carried out with Talas. The work of [29, 32, 31, 71-72] motivated us to design formal
grammar and deep pushdown automata for recognizing Tala and its improvised musical
patterns in Indian music.
5.2 PRELIMINARIES
Tala: Tala means ‘taali’ or ‘clap’. Talas are recurring fixed-length patterns used in Indian
music to control the rhythm with handclaps [32]. Tabla (a percussion musical instrument) is
used instead of the handclaps in a musical Tala performance. The whole period of a cycle
(avartan) is a collection of the smallest time beat (matras). The beats are arranged into
sections (vibhags) of different lengths (Figure 5.1).
X 2 0 3
Dha Dhin Dhin Dha|Dha Dhin Dhin Dha| Dha Tin Tin Naa | Naa Dhin Dhin Dha

<—> matra

< vibhag

avartan

Figure 5.1: Example of matra, vibhag and avartan.
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Vibhags are represented through the gesture of hands by a khaali (wave), a taali (clap), and
by the movement of fingers [203-204]. The beginning matra of anavartan in Tala is known as
sam, which creates a resolution point [205]. Khaali is another important beat in Tala, which
means ‘empty’. Each Tala has a defined ‘theka’, a set of onomatopoeic syllables (bols)
through which a Tala can be recognized [206]. The bols (dha, dhin, naa, ge, tu, etc.) are used

in Indian music to describe Tala. Figure 1, X represents sam, 0O represents khaali and 2,3, are

taali.

Kaida and Palta: Kaida is a rhythmic theme with a structured sequence of bols derived from
basic Talas. Kaida should maintain the taali and khaali structure similar to the underlying
Tala [207]. The fundamentals of musical composition and improvisation in playing tabla
sequences are kaida and palta [29]. From the kaidas, paltas (variations) are created. The word
palta means to alter or to reverse; they are formed by applying various improvisations
through permutation and combinations on a particular kaida. The bols in kaida are substituted
by some or many bols of kaida [207].

5.3REPRESENTATION OF CROSS-SERIAL DEPENDENCY IN PALTA

The kaida and palta use various permutations and substitutions as music improvisation tools
[29]. Many new musical strings (paltas) can be derived from a given kaida. Our work is to
propose a generalized model that expresses fundamental procedures for every possible palta
derived from kaida. The research revolves around representing these musical improvisations
with state grammar and DPDA. We will focus on Teentala having 16 matras. These sixteen
matras are divided into four vibhags, each further having four matras. The claps are on matra
1% (sam), 5" (the beginning of the second vibhag), and 13" (the beginning of the last vibhag).
Matra 9™ is khaali [208] (Figure 5.2).

Matra 1 2 3 4 5 i) 7 8 9 10 11 12 13 14 15 16
Taali'Khaali | X 2 0 3
Bols Dha Dhin Dhin Dhal Dha Dhin Dhin Dha |Dha Tin Tin Naa | Naa Dhin Dhin Dha

Figure 5.2: Theka of Teentala
Like other diverse art forms, Indian musicians focus on conveying emotions and producing
aesthetic aspects [209]. The paltas are composed of musicians that fulfill the musical rules
and aesthetic features. Improvisation of Indian tabla sequences tends to obey a defined
system. The rules are not explicitly specified as a natural language [29]. Every kaida shows
its likelihood of creating paltas. The paltas are composed less systematically as they have no
strict rules. The few commonly used flexible approaches for generating paltas [32, 210].

1. Palta should only contain bols from its kaida.
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2. Palta should begin with dora (two bols on a single beat like dhadha, tirkit, etc).

3. Palta should contain part of the original kaida at the end of palta.

4. Palta should contain cross-serial dependency in between bols [31-32]. The cross-serial
dependency occurs when lines defining the dependency relation between the sequences of
words cross over each other [210].

5. Palta consists of permutation, substitution, and arranging of bols from kaida.

6. Palta must exhibit the taali/khaali structure.

We had considered five different kaidas of Teentala and two paltas of each kaida. We

analyzed the patterns in paltas to represent improvised tabla sequences with Deep pushdown

automata.

Kaida
X 2
KeKe TeTe KeKe TeTe

0
GeGe TeTe GeGe TeTe

3

GeGe TeTe GeGe TeTe KeKe TeTe KeKe TeTe

Palta 1
X
GeGe TeTe TeTe GeGe

Palta 2
X

GeGe TeTe TeTe TeTe

2
TeTe TeTe GeGe TeTe

0
KeKe TeTe TeTe KeKe

3
TeTe TeTe GeGe TeTe

0
KeKe TeTe TeTe TeTe

3
GeGe TeTe GeGe TeTe

2
GeGe TeTe GeGe TeTe

Figure 5.3: Kaida 1 and its palta

The kaida and paltas of Teentala have taali on 1%, 5Mand 13"matra and khaali on 9"'matra.
Paltas of kaida 1, kaida 2 and kaida 3 (Figure 5.3, 5.4 and 5.5 respectively) have 16 matras
with taali and khaali at the same location as in their respective kaidas. The bols in 2"%and
4"vibhag of a palta will be the same.

Kaida
X
Dha Dha Te Te
Palta 1

X
DhaDha TeTeTeTe DhaDha TeTe

Palta 2
X

DhaDha TeTe TeTe TeTe

2
Dha Dha Tu Na

0
Ta Ta Te Te

3
Dha Dha Tu Na

2
DhaDha TeTeTeTe DhaDha TuNaTuNa

0
TaTaTaTa TeTe TaTa TeTe

3
DhaDha TeTeTeTe DhaDha TuNaTuNa

2
DhaDhaDhaDha TeTe DhaDha TuNa

Figure 5.4: Kaida 2 and its palta

0
TaTaTaTa TeTe TeTe TeTe

3
DhaDhaDhaDha TeTe DhaDha TuNa

The cross-serial dependency (rule 4) can be seen in bols of palta in between matra 5 to 8™

and 13"to 16™, respectively, as shown in Figure 5.6.
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Kaida

X 2 0 3
Dha Dha Tir Kit | Dha Dha Tu Na| Ta Ta Tir Kit|Dha Dha Tu Na
Palta 1
X 2 0
DhaDha TirKit DhaDha TirKitTirKit| DhaDha TirKit DhaDha TuNaTuNa| TaTa TirKitTaTa TirKi
Palta 2
X 2 0 3

DhaDha TirKit DhaDha TuNa| TirKit TirKit TaTir KitTa

TirKit TirKit DhaTir KitDha

Figure 5.5: Kaida 3 and its palta

X 2 0 3

GeGe TeTe TeTe GeGe

Figure 5.6: Cross-serial dependency in palta with 16
In Figure 5.3, the matra 5" and 13" have the same bol (Te)with equal re
TeTe). The bols having cross-dependency with each other should b

aspect.

Kaida
X

DhaTi TaaDha TiTaa DhaDha

0 3

TaTi TaaDha TiTaa DhaDhal

2
TiTaa DhaDha TuNa KaTa

Palta 1
X

DhaTi TaaDha TiTaa DhaDha

0 3

DhaTi TaaDha TiTaa DhaDha

2
DhaTi TaaDha TiTaa DhaDha

0 3

DhaTi TaaDha TiTaa DhaDhaDhaDha

2
TaTi TaaTi TiTaa DhaDha

X

TaTi TaaTa TiTaa TaTa
Palta 2

X

DhaTi TaaDha TiTaa DhaDha

0
TiTaa TiTaa DhaDhaDhaDha TiTaa

2
TiTaa DhaDha TuNaKaTaKaTa

0
TiTaa TiTaa DhaDhaDhaDha TiTaa

2
TiTaa DhaDha TuNaTuNa KaTa

X
TaTi TaaTa TiTaa DhaDha

Figure 5.7: Kaida 4 and its palta

Palta composition entirely depends on the tabla player; it can have 16

DhaDha TirKit DhaDha TuNaTuNa

DhaDha TirKit DhabDha TuN

TeTe TeTe GeGe TeTe| KeKe TeTe TeTe KeKe| TeTe TeTe GeGe TeTe

TiTaa DhaDha TuNa KaTa

TiTaaTiTaa DhaDha TuNa KaTa

TiTaaTiTaa DhaDhaTuNa KaTa

3

J

matras
petition (2 repetitions

e the same in every

3
TiTaa DhaDha TuNaTuNa KaTaKaTa

3
TiTaa DhaDha TuNaTuNa KaTaKaTa

or 32 matras (Figure

5.7, 5.8). Nevertheless, the rules designed for creating paltas must be executed. In palta with
32 matras, taali is present on 1%, 51 13" 17" 21%tand 29"matra whereas khaali is on 9"and

25"matras. Palta with 32 matras exhibits cross-serial dependency in between matras of

vibhag 4" and 8"respectively.
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Kaida
X

DhaTi DhaGe NaDha Tirkit
Palta 1

X
DhaTi DhaGe NaDha Tirkit|

2
DhaTi DhaGe DhinNa GinNa

0
TaTi TaKe NaTa TirKit

3
DhaTi DhaGe DhinNa GinNa

2
DhaTi DhaGe NaDha TirKitTirKit

0
DhaTi DhaGe NaDha TirKitTirkit

3
DhaTiDhaTi DhaGeDhaGe DhinNa GinNa

X
TaTi TaKe NaTa TirKitTirKit

Palta 2
X

DhaTi DhaGe NaDha Tirkit

2
TaTi TaKe NaTa TirKit

0

DhaTiDhaTi DhaGeDhaGe NaDha TirKit |DhaTiDhaTi DhaGeDhaGe DhinNa GinNa

: ‘

2
TiDha Tirkit TiDha TirKit|

0
DhaTi DhaGe NaDha TirKit

3
DhaTi DhaGe DhinNa GinN4

X
TaTi TaKe NaTa TirKit

2
TiTa TirKit TiTa TirKit

0

DhaTi DhaGe NaDha TirKit| DhaTi DhaGe DhinNa GinNa

: |
Figure 5.8: Kaida 5 and its palta

The matra having a cross-serial dependency with the respective matra must have the same bol

and should be repeated the same number of times (Figure 5.6). The matras in 1%(y)and
3"vibhag (z) of palta can have any combination of bols from the kaida, but the bol on matra
5t and 13™; 6™ and 14™; 7" and 15™; 8™, and 16" should be the same (Figure 5.9). Paltas can
be considered as a language L ={ya"b"c°d’za™b"c’d” | m,n,0, p >1}. Palta patterny,z can
be represented by null as they did not represent a fixed pattern. Thus, a non-context-free
language L ={a™b"c°d’a™b"c°d” |m,n,o, p >1}is observed.

X 2 0 3

DhaDha TeTeTeTe DhaDha TeTe| DhaDha TeTeTeTe DhaDha TuNaTuNa| TaTaTaTa TeTe TaTa TeTe, DhaDha TeTeTeTe DhaDha TuNaTuNa

y <—am—> «~ bn—> <—C0—> 4—dp—> Z 4—am—> <—bn—> 4—Co—> <—dp—>

Figure 5.9: Language observed in improvised musical patterns (palta)
5.4 REPRESENTATION OF INDIAN MUSIC USING STATE GRAMMAR

We have generated state grammar for all the paltas of Teentala discussed above (Section 5.3).
G, =({S, X,Y,Dha,Te,TuNa,Ge, TiTaa, KaTa, DhaTi, DhaGe, DhinNa, GinNa, TirKit},

q4’q5’ q6’q7’q8’q9’q10’ qll’ q12’q131q14’ q15’q16’q17’q18’ q19’q20’ qu’ q221 q23’ q24’ q25’ q267q271q28’ q29’ q30’
q31’ q32 ! q33’ q34 ! q35 ! q36’ q37,q38}’
{Dha, Te,TuNa,Ge,TiTaa, KaTa, DhaTi, DhaGe, DhinNa, GinNa, TirKit},P,S) be the state

grammar for the Teentala paltas with production rules, P as follows:
1.(y,8) = (Ao, XY) 2.(qy, X) — (qy, DhaX) 3.(q;,Y) — (g,, DhaY)

4.(q,, X) = (q,, DhaX)5.(q,, X) = (0,, TeX) 6.(q,,Y) = (q,, TeY)

7.(qy, X) = (03, TeX) 8.(q, X) = (g5, DhaX) 9. (g5, Y) — (g5, DhaY)

10. (g4, X) — (05, DhaX) 11. (q,, X) — (0,, TuNaX) 12.(g,,Y) — (g, TuNaY)
13.(0z, X) — (g,, TuNaX) 14. (g, X) — (0y, TuNa) 15. (q,, X) — (0, TuNa)
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16.(q,,Y) — (g, TuNa)

S|XY
—» X|Dh aX=—3 Y|Dhay @ X|TeX: e Y|TeY—> X|DhaxX
X|DhaX X|TeX

@ -€Y|TuNay ° -€«X|TuNaX:

X|TuNaxX
X|TuNa

Figure 5.10: Deep pushdown automaton for paltas of kaida 2 (Figure 5.4)
We designed a DPDA (Figure 5.10) for paltas of kaida 2 shown in Figure 5.4. We further

added production rules for cascading other values of a,b, c,d in the final DPDA:
a=TeTe,GeGe, DhaDha,TiTaa, DhaTi b =TeTe, TirKit, DhaDha, DhaGe
¢ = GeGe, DhaDha, TuNa, DhinNa d =TeTe,TuNa, KaTa, GinNa

The following production rules can generate all the strings of paltas of Teentala discussed.
17.(q,, X) = (0y,, TirKitX) 18. (0,,,Y) — (q,,, TirKitY) 19. (g,,, X) — (0,, TirKitXx)

20. (g, X) = (g5, DhaX) 21.(q,, X) — (0,,,GeX) 22.(0,,,Y) — (g5, GeY)

23.(,3, X) = (0,,,GeX) 24.(q,5, X) — (q,,, TeX) 25.(q,, X) = (9, TeX)

26.(0,,Y) = (055, TeY) 27. (5, X) = (g, TEX) 28. (a5, X) — (05, GeX)

29.(0y,Y) — (0,;,GeY) 30.(q,;, X) — (0,5, GeX) 31.(q,;, X) — (g5, TeX)

32.(0y,Y) = (0, TeY) 33. (g9, X) = (qy5, TEX) 34. (09, X) — (0, TE)

35. (07, X) = (A, T€) 36. (0yp, Y) — (0. T€) 37. (0, X) = (0, TiTaax)

38.(q,,,Y) — (0, TiTaaY) 39.(0,,, X) = (q,,, TiTaaX) 40.(d,,, X) — (g,,, DhaX)
41.(0,,Y) —(q,,, DhaY) 42.(q,,, X) — (0,3, DhaX) 43.(q,,, X) — (0,5, TuNaX)
44.(0,,Y) — (0,6, TUNAY ) 45. (0,4, X) — (0,5, TUNaX) 46. (q,5, X) — (0,;, KaTaX)
47.(0,,Y) — (0,4, KaTaY) 48.(q,g, X) — (0,,, KaTaX) 49. (9,5, X) — (0,4, KaTa)
50.(0,e,Y) = (0,9, KaTa) 51.(0,, X) — (0,9, KaTa) 52.(q,, X) — (0,,, DhaTiX)
53.(0yy,Y) — (G5, DhaTiY) 54. (q,,, X) — (05, DhaTiX) 55. (g,,, X) — (0,,, DhaGeX)
56.(0,,,Y) — (G, DhaGeY) 57. (0,,, X) — (4,,, DhaGeX) 58. (0,,, X) — (0,,, DhinNaX)
59.(0,,,Y) — (955, DhinNaY') 60. (0,5, X) — (d,,, DhinNaX) 61. (9,5, X) — (044, GinNaX)
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62. (0, Y) — (G5, GINNAY') 63. (9,;, X) — (04, GiNNaX) 64. (q,,, X) — (05, GinNa)

65. (0sg,Y) —> (Gs5, GINNa) 66. (G5, X) —> (05, GiNNa)
5.5 MATHEMATICAL MODELING OF INDIAN MUSIC PALTA’S USING DEEP

PUSHDOWN AUTOMATON
Figure 5.11 represents a deep pushdown automaton for the counterpart of state grammar for

representing music strings found in paltas.

X|TuNa

e 2X|Tu NaX-} —X|TuNa-

X|TuNaX

, &
T, N

@ ZX\T\rKnX—b

X|TirkitX

oy, .

(O)—ses(©)

X|GeX

S\XX o

X|KaTa

X|KaTaX @ 2X|KaTaX @ X|KaTa:
[ ]

X|KaTaX

X|GinNa

@ 2X|GinNaX-> X|GinNa:

X|GinNaX

Figure 5.11: Deep Pushdown Automaton for improvised musical patterns

M = ({Qo. 0o+ C» A2+ s As+ s G5+ U Gg G Oho» Cha» Oho» Ghar Cha» s G Gz Ghss Cho» Oao» Oasr Oz Oasr Oags s,

06+ G271 Uag» Oag» G0 Os1» Oa sz Oag » Oas » s » sz, Gss J» {Dh, Te, TuNa, Ge, TiTaa, KaTa, DhaTi, DhaGe,
DhinNa, GinNa, TirKit},{X,S,#},R,Q;,S {0, 0,0z 03s})
For DPDA depicted in Figure 5.11, the production rules (R) are as follows:

1Q,S — g, XX 19,X — g,DhaX 2qg,X — g,DhaX

1g9,X —g,DhaX 19,X —q,TeX 2g,X —q,TeX

1g,X —qg,TeX 1g,X — g,DhaX 29,X — g,DhaX

1g,X — g;DhaX 1g,X — g,TuNaX 2g,X — ggTuNaXx
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19, X — ¢, TuNaX 1g,X — g,TuNa g,X — g,TuNa

1gs X — g,TuNa 1q, X — g, TirKitX 2q,,X — g, TirKitxX

1g,, X — g, TirKitX 1gq,X — q,,GeX 2q,,X — g,;GeX

19,,X — 0,,GeX 19,,X — g, TeX 19,X —q,,TeX

20,,X > g, TeX 1. X — g, TeX 1g,. X — g,,GeX

20,,X — 0;GeX 1g,, X — g,,GeX 1g,, X — g, TeX

20, X =g TeX 10X =0, Te 1g,,X =0, Te

O X = Qyle1q,X — g, TiTaaX 2q, X — q,,TiTaaX

1q,,X —q,TiTaaX 1q,,X — q,DhaX 2q,,X — q,,DhaX

1g,,X — g,,DhaX 1q,,X — g, TuNaX 2q,.X — g,,TuNax

19,,X — q,.TuNaX 1g,, X — g,,KaTaxX 2q,,X — g,gKaTaX

10,5 X —> q,,KaTaX 1g,,X —> g,,KaTa g,y X —> g,,KaTa

1q,sX — g,,KaTa 1g9,X — q,,DhaTiX 2q,,X — g,,DhaTiX

1g,, X — 0,,DhaTiX 1g,, X — g,,DhaGeX 2q,,X — g,,DhaGeX

1g,, X — q,,DhaGeX 1q,,X — g,,DhinNaX 2q,,X — g,;DhinNaX

19,. X — g,,DinNaX 1g,. X — g,,GinNaX 20g,,X — q,,GinNaX

109,, X — g,;GinNaX 1g,, X — g,,GinNa g, X — g,,GinNa

Oss X — 05GinNa

The musical string S’ =TiTaaTiTaaDhaDhaTuNaKaTaTiTaaTiTaaDhaDhaTuNaKaTa can
be seen asS =ww, where w={TiTaa"Dha"TuNa’KaTa” |m,n = 2;0, p =1}. The acceptance
of this string with DPDA can be checked by performing pop and expand operations.

The input accepted string
S’ =TiTaaTiTaaDhaDhaTuNaKaTaTiTaaTiTaaDhaDhaTuNaKaTa

(Q,. TiTaaTiTaaDhaDhaTuNaKaTaTiTaaTiTaaDhaDhaTuNaKaTa, S #)

=, (q,, TiTaaTiTaaDhaDhaTuNaKaTaTiTaaTiTaaDhaDhaTuNaKaTa, XX #)

[1Q,S — q,XX]

=, (q,,, TiTaaTiTaaDhaDhaTuNaKaTaTiTaaTiTaaDhaDhaTuNaKaTa, TiTaaxXX #)

[19,X — 0

TiTaaX]
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=, (0,, TiTaaDhaDhaTuNaKaTaTiTaaTiTaaDhaDhaTuNaKaTa, XX #)

=, (0,,, TiTaaDhaDhaTuNaKaTaTiTaaTiTaaDhaDhaTuNaKaTa, XTiTaaX #)
[20,,X — 0, Ti

TaaX]

=, (q,,, TiTaaDhaDhaTuNaKaTaTiTaaTiTaaDhaDhaTuNaKaTa, TiTaaXTiTaaX #)
[10,,X — 0,
TiTaaX]

=, (0,,, DhaDhaTuNaKaTaTiTaaTiTaaDhaDhaTuNaKaTa, XTiTaaX #)

=, (q,,, DhaDhaTuNaKaTaTiTaaTiTaaDhaDhaTuNaKaTa, XTiTaaTiTaaX #)
[20,,X —q,,Ti

TaaX]

=, (0,;, DhaDhaTuNaKaTaTiTaaTiTaaDhaDhaTuNaKaTa, DhaXTiTaaTiTaaX #)
[19,, X — s,
DhaX]

=, (0,5, DhaTuNaKaTaTiTaaTiTaaDhaDhaTuNaKaTa, XTiTaaTiTaaX #)

=, (9,,, DhaTuNaKaTaTiTaaTiTaaDhaDhaTuNaKaTa, XTiTaaTiTaaDhaX #)
[29,; X —q,,Dha

X]

=, (0,3, DhaTuNaKaTaTiTaaTiTaaDhaDhaTuNaKaTa, DhaXTiTaaTiTaaDhaX #)
[10,,X — 0y

DhaX]

=, (0,5, TuNaKaTaTiTaaTiTaaDhaDhaTuNaKaTa, XTiTaaTiTaaDhaX #)

=. (0,,, TuNaKaTaTiTaaTiTaaDhaDhaTuNaKaTa, XTiTaaTiTaaDhaDhaX #)
[20,,X — @,,Dha

X]

=, (0,5, TuNaKaTaTiTaaTiTaaDhaDhaTuNaKaTa, TuNaXTiTaaTiTaaDhaDhaX #)
[1q24 X - q25

TuNaX]

=, (0,5, KaTaTiTaaTiTaaDhaDhaTuNaKaTa, XTiTaaTiTaaDhaDhaX #)

=, (0,5, KaTaTiTaaTiTaaDhaDhaTuNaKaTa, XTiTaaTiTaaDhaDhaTuNaX #)
[20,s X — Q6T
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NaX]

=, (0,, KaTaTiTaaTiTaaDhaDhaTuNaKaTa, KaTaTiTaaTiTaaDhaDhaTuNaX #)
[1056 X — Gpg

KaTa]

=, (0, TiTaaTiTaaDhaDhaTuNaKaTa, TiTaaTiTaaDhaDhaTuNaX #)
=, (0,, TiTaaDhaDha

TuNaKaTa, TiTaaDhaDhaTuNaX #) = (q,,, DhaDhaTuNaKaTa, DhaDhaTuNaX #)
:p (q29’

DhaTuNaKaTa, DhaTuNaX #) = (q,,, TuNaKaTa, TuNaX #) = (0, KaTa, X #) =, (G,
KaTa, KaTa#) [gX — quKaTa] = (G, ™ #)

5.6 CONCLUSION

In the field of computational musicology, limited work has been dedicated to the analysis of
Tala patterns in Indian music. This chapter deals with the structure of Tala and its paltas
(variations) for analyzing the patterns in improvised music. The palta of a Tala’s kaida has
cross-serial dependencies in its structures, and such patterns cannot be represented using
context-free grammar. We have represented these patterns using state grammar. Further, we
modeled Teentala’s kaidas and paltas using a deep pushdown automaton. This chapter
attempted to show that formal grammar can be exploited to represent highly improvised
musical structures in Indian tabla music. This approach can be used to check the accuracy of

kaidas and paltas patterns in Indian music.
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CHAPTER 6
CLASSIFICATION OF RAGA USING MACHINE LEARNING

6.1 Introduction

Traditional Indian society has always been pivotal to music in its customs, celebrations, and
spirituality. The culture has always revolved around music production and other forms of
entertainment. Therefore, there has always been an expert class of musicians who have
continued to pass the generational heritage of the style and the tone of Indian music
throughout the years in its original and modified forms. With a population of about 1.42
billion people, Indian society is diverse in terms of cultural heritage and the type of music
that they play. The music and songs in Indian traditional society are often classified based on
the raga to which they belong. Raga is an important aspect of a song, and it determines
specifically how and when a song is played. After noting the importance of the raga and its
great significance in Indian society, it is also interesting to note that traditional Indian society
has always embodied the concept of raga specialists. These experts have the knowledge and
experience to differentiate between these ragas and then eventually identify one from another
based on the context of the song and the play patterns. These expert musicians have the onus
to preserve the indigenous traditional knowledge of various forms of music in diverse
societies. For many years, people believed that there could never be a system so efficient that
it could eventually classify the songs into an appropriate raga based solely on studying the
bits and other related patterns in the song.

With little advancement in computer technologies, such as machine learning and neural
networks, the ability of a computer or any other machine to predict raga with substantial
accuracy was highly improbable. Indeed, highly paid raga experts took advantage of the
situation to cash in and enrich them while technologies such as machine learning and neural
networks remained elusive. Over the recent years, however, a palpable shift in favor of
machine learning and artificial intelligence has suddenly ignited a new debate about whether
it can achieve greater precision and accuracy in raga detection through leveraging cutting-
edge technologies. We discuss such a possibility and show how it is possible to use advanced
computer sciences to detect the raga of a given creative piece efficiently through machine
learning.

6.2 Feature Engineering And Data Preprocessing

Within the scope of this experiment, our foremost objective is to identify the most predictive

features within the songs, assemble them, and harness their power for raga prediction. The
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one and most important tool in the entire process was Librosa. Librosa is used for primary
data extraction and feature engineering packages. Librosa is a suitable choice for modeling
and data preparation due to its versatility and the ability to scale well.

For this experiment, the most important part of the investigation was finding the song’s most
predictive features. The features selected include chromo-gram power spectrogram
(chroma_strf, ), spectral centroid (spec_cent), spectral bandwidth (spec_bw), rolloff, zero
crossing rate (zcr), mel-spectrogram and root mean square of the spectrogram (rmse). These
features are selected as they define the tonal nuances and distinct ragas present in the music.
Consequently, our machine learning models' training and the resulting mappings are
exclusively built upon these carefully curate features.

6.2.1 Evaluating Feature Importance

A pivotal aspect of the feature engineering process is assessing each feature's relative
importance, particularly in terms of its predictive ability. Features that exhibit weak or
negligible correlations with the target variable hold minimal sway in shaping the final
model's design and development. In light of this, our study strongly emphasizes a thorough
investigation into the relative importance of these features within the dataset and their
contributions to the overall model-building process.

It is paramount to acknowledge that different features boast varying degrees of predictive
potential. As illustrated in Figure 6.1, no feature registers an absolute lack of predictive value.

Therefore, no compelling reason exists to eliminate any feature based solely on its predictive

capabilities.
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Figure 6.1: Feature importance of dataset
6.3 Proposed Model Building
The core of this research study is the wisdom of the stacked ensemble of the models when it

comes to predictions. Based on the features selected above, there were many models selected

56



and tested for prediction, including Logistic Regression, Random Forests, Decision Trees,
LightGBM, CatBoost, XGBoost, Naive Bayes, Support Vector Machine, and even Nearest
Neighbour Algorithm. After all these models were fitted individually and their accuracies
determined, CatBoost was the best-performing model followed by the XGBoost, Random
Forest, and LightGBM, respectively. The decision Tree also had decisively accurate results.
Meanwhile, models such as the Support Vector machine had low decisively accurate results
in traditional research in this area. Hence, only five classification models were selected for

stack ensembling.

ML and Deep Learning
Model

Feature
Input Song F Extraction Model
Unit

Output Song get into system

Mapping
Dictionary

Identifies Raag Label——m-

Maps ldentified Label to

Output Raag Raag Name

Iden

Figure 6.2: Proposed Model for Raga Classification
The entire machine learning system above is a highly complex, resulting from work and
prioritization on performance and accuracy. Figure 6.2 explains the proposed model for raga
identification. We input the dataset in the model. The dataset have nearly 2000 audio files.
The important features from the files are extracted. Features like mfcc, roll off are extracted.
The extracted features are used as input to a machine learning model. This model has been
trained to take these features and predict the raga associated with the input music. After the
machine learning model makes a prediction, the output is in the form of numerical labels. A
mapping dictionary is used to convert these numerical labels back into human-readable raga
names. The steps included in the proposed model are:
I.  User Input: Users upload content, typically songs, for which they want to identify the
raga.
Il.  Feature Extraction: A complex feature extraction system processes the uploaded
content to extract relevant features. These features are extracted from the audio data
and represent different aspects of the music, which are important for raga

identification. These features are saved for later use.

57



VI.

VII.

Machine Learning Model: The extracted features are used as input to a machine
learning model. This model has been trained to take these features and predict the
raga associated with the input music. The training process likely involved a dataset of
songs with known raga labels, and the model learned to map the extracted features to
these labels. It's mentioned that the labels are converted to numerical values for
training, which is a common practice in machine learning.

Mapping Dictionary: After the machine learning model makes a prediction, the output
is in the form of numerical labels. A mapping dictionary is used to convert these
numerical labels back into human-readable raga names. This step is essential for
presenting the results to users in a user-friendly way.

User Interface: The system likely includes a user interface where users can upload
music samples and receive the associated raga predictions in a convenient and
understandable format.

Hyperparameter Tuning: Hyperparameter tuning and parameter optimization were
performed before arriving at the final ensemble model. This involved techniques like
GridsearchCV to search for the best set of hyperparameters for the machine learning
models. Tuning hyperparameters is crucial for achieving the best model performance.
Ensemble Model: The final model is a stacked ensemble, a combination of multiple
machine-learning models. Stacked ensembles often outperform individual models by
leveraging the strengths of each base model. The hyperparameters of these models
have been optimized to ensure the best possible performance.

Overall, this system appears to be a well-designed pipeline for raga identification in music,

focusing on accuracy and performance. It takes user input, extracts relevant features, uses a

machine learning model for prediction, converts the results into a user-friendly format, and

incorporates hyperparameter tuning to optimize model performance.

6.4 Experiment and Results

In this section, we delve into the varying predictive power of different features within the

context of the raga dataset.

6.4.1 Feature Importance Visualization

Understanding the predictive power of features is crucial for our analysis. Figure 6.3

illustrates the average importance of features during model training, shedding light on the

differential capabilities of these features.
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Figure 6.3: Importance of various features

We observe notable differences in the predictive power of features. For instance, features like
"mfcc” carry more weight in terms of accuracy than features such as "mfccl3."As seen
above, the average importance of features in the model training is different. So, there are
ways to determine the type of raga that is more accurate than the others depending on the

features under consideration. Here follows a visualization of the feature's importance using a

pie chart:
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Figure 6.4: Features used for raga identification
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From the above, we can see that features such as mfcc have more weight in terms of
predictive power than other features like mfcc13.

6.4.2 Training Progress

To gain insight into the model's training progress, we examine the error rate throughout the
training process. Figure 6.5 demonstrates the error rate for the training data. The error rate
initiates at a relatively high level at the onset of the analysis. However, as the training process
unfolds, there is a marked reduction in the error rate. Eventually, as the training nears
completion, the error approaches zero.

This systematic reduction in error attests to the effectiveness of our approach and the learning

capacity of our model.
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Figure 6.5: Error for training data

6.5 Conclusion

In a nutshell, raga identification is an important area of research in the field of Indian
classical music. With the growing availability of digital music recordings and the
development of computational methods for music analysis, there is a need for accurate and
efficient algorithms for raga identification. We have reviewed some of the existing
approaches for raga identification and presented our own method based on a combination of
melodic and rhythmic features. Our results indicate that this approach can accurately identify
ragas from audio recordings. Our work has focused on developing more sophisticated
algorithms that can handle various challenges and contribute to the ongoing efforts to
preserve and promote the rich heritage of Indian classical music. We proposed an
identification method that employs MFCC variants as features. Our study worked with a

stack ensemble of the models. The proposed model was tested, trained, and over 94% testing
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accuracy was achieved. Hence, this experiment is perhaps the most successful of all others

that have been conducted, especially with regards to raga detection from any piece of music.
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CHAPTER 7
CONCLUSION AND FUTURE SCOPE

7.1 SUMMARY OF THE MAIN CONTRIBUTION

In this dissertation, we proposed a technique for generating formal grammar for Indian music.

We also applied an existing musical tool to aid in generating formal grammar. An automaton

model is also designed for Indian music. The summary of the main contribution is presented

as follows:

1.

2.

A survey of various existing methods of computational musicology has been carried
out. Further, the concept of various HMM’s and deep pushdown automata has also
been explored.

A novel approach to generating probabilistic context-free grammar for Indian music
using existing music tools.

VOGUE is applied to the musical sequence of notes in the bandish of raga Bhairav,
classical Indian music. VOGUE can identify both short-range and long-range
dependencies in the musical sequences, i.e., variable-length dependencies, in the
musical sequences. Musical patterns repeat themselves and may or may not be
separated by variable gap lengths.

We represented the palta of a Tala’s kaida using state grammar. These structures
inhibit cross-serial dependencies that cannot be represented using context-free
grammar. Further, we modeled Teentala’s kaidas and paltas using a deep pushdown

automaton.

The limitation of the proposed work is that we modeled VOGUE for the maximum length of

mined sequence of 2. So, there is future scope for applying VOGUE to a larger musical

sequence database and increasing the maximum length of sub-sequences (k >2)to model

sequences with larger dependencies.
7.2 FUTURE SCOPE
Following are some stimulating directions for future research building on the proposed work

and gleaning knowledge in this dissertation.

1.

MIMVOGUE MAXIMUM DEPENDENCIES GAP

In this dissertation, we have designed a model for Indian music using Variable order
gaped HMM for maximum dependencies of gap of 2. In the future, researchers can
work on designing VOGUE with larger dependencies to capture higher sequences

with the model.

62



2. MIMVOGUE FOR DIFFERENT RAGAS

We modeled the model for the Bhairav raga; other ragas can also be modeled with
VOGUE.

3. MODELING TALAS WITH DIFFERENT AUTOMATON

In this dissertation, we have designed a deep pushdown automaton for the paltas of

Teentala’s kaida. We can extend our model to accept other talas kaidas, and paltas.
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