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ABSTRACT histogram of the notes. The permissible arrangement (or

o ' ' _ o phonotactics) and prosody of musical notes inaga is
A ragais a collective melodic expression consisting of not exploited . Clearly, this approach works well only for
motifs. A ragacan be identified using motifs which are ragas that aresampirna 2. In [2], the sam of the fala
unique to it. Motifs can be thought of agnature prosodic  (emphasised by the bol of the taplis used to segment a
phrases Differentragas may be composed of the same set pjece. The repeating motif in a bandish is identified for
of notes, or even phrases, but the prosody may be comHindustani Khyal based music4] has extensively studied
pletely different. In this paper, an attempt is made to deter the motifs in theraga Todi. In [5], the audio is transcribed
mine the characteristic motifs that enable identificatibn o g g sequence of notes and string matching techniques are
aragaand distinguish between them. To determine this, ysed to performiagaidentification. In B] pitch-class and
motifs are first manually marked for a set of five popular pitch-dyads distributions are used for identifyiraga Bi-
ragaby a professional musician. The motifs are then nor- grams on pitch are obtained using a twelve semitone scale.
malised with reSpeCt to the tonic. HMMs are trained for In [7]’ the authors assume that an automatic note tran-
each motif using 80% of the data and about 20% are usedscriber is available. The transcribed notes are then sub-
for testing. The results do indicate that about 80% of the jected to HMM basedagaanalysis. In 8,9], a template

motifs are identified as belonging to a specitgjaaccu-  hased on thé\rohara and Avarohara are used to deter-
rately. mine the identity of theagas. 3
It is well-known that inCarnatic Music, the meandering
1. INTRODUCTION around the notes is a continuum and can seldom be quan-
tified into bins. The quantification of notes leads to loss of

The wordraga, is derived from language Sanskrit. The

meaning of aagé?i” SaT‘Sk”t iscolour or passion_ln the We conjecture that, to determine the identity ofama,
context ofCarnatic Music, one could think of theagaas neither is a knowledge of thérohara and Avarohar re-

a mecdhar:zl)sm tc(;.coloudr_ft.he potes |r; e:jgl_ven mQIOd/é;?'ng quired, nor is the transcription of the prosodic phrasehSuc
prosody. Prosodic modifications include increasing g quantisation can lead to errroneous identity owing to the

the duration of r_lotes, using an approprigte intonation Pat-|5ss of information through the process of annotation. In
frn, byl employmgamakasand EOdUIﬁt'ng the ener%y. Carnatic Music, notes are seldom steady. Only the tonic

A Seamiess prosodic moye_mentt_ rough a sequence o nm?%a_dja) and its fifth (pachama) are relatively steady. There-
Is yet a”?’ther charactgrlstlc ofraga We define motifs fore transcribing to a discrete set of notes from the au-
asa parncglar “prosqdlc_phrasmg of asequence OT nOtes'”dio is nontrivial, since a note which Ri in a given con-
thatare unique tf? agivemaga The mOt'f,S are aes_th_etlczilly text can be &ain another context. Further, as suggested
concatenated using prosody, thus definimgga. Alapam y [4], [10], the improvisations in extempore presentations
IS a Segme”t 9f a pIece, yvhere a musician (ilaborates an@an vary from musician to musician. From a signal pro-
improvises using the motifs of traga. Thealapana has cessing perspective, a motif can be defined as a prosodic

an inherent pulse dralapramana. The kalapramana for phrase. The prosodic phrase is characterised by the phono-

a pa}rtlclzular piece dgpenglshon tf:gﬁ thE artlsthand the. tactics of swaras, and their corresponding duration, gnerg
particular presentation. Although the above characterisa 5 pitch. In addition, the trajectory of the pitch contour,

tion is abstract, nevertheless, there is a consensus amongs . the energy contour also play an important role. Fig-
musicians, musicologists and listeners on the identity of 8 re 1 shows the phras&a Ri Ga Riof Sehkare—abhararﬁ
ragain terms of the the motifs. andKalyani. The notes are identical. While the swaras,

Therg is hard!y any literature on motivip anqusisﬁ@as especiallyGais sustained iSahkarabharara, it meanders
for Indian Music I-4]. In [1], ragasare identified by the Kalyani. Further, the pitch of3a in Sakarabharara

information.

L For want of better terminology, we refer to this as phonotactif
Copyright: ©2012 Vignesh Ishwar et al. This is an open-access article distributed qtag — phonotactics is used in thggycontext of speech soﬁnds
under the terms of th€reative Commons Attribution 3.0 Unported Licenatich 2 A Sampirna raga(in the context that is used here) have all the seven
notes, and have the same set of notes in ascent and descent
3 Arohara and Avarohara correspond to a sequence of notes in the
the original author and source are credited. ascent and descent idga, respectively.

permits unrestricted use, distribution, and reproduction in aredimm, provided
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is seen to be higher than thatkalyan. But, theGain Haaitelil

Kalyani is perceived to be higher because of the gamaka M‘a ! ! ! ]
expression on it. The gamaka or meandering begins ata | (a Pa Dha M -
frequency, little lower than the actual frequerigg, moves "R
to Ma and back. An annotation would have led to differ- \ \ \ \ \ \ ]

ent swaras for both motifs. The objective of this paper is to

G i Kalyani

1
I \ \

Figure 2. Similar motifs for Bhairai/from different musi-
cians.

KantojPezse? AL
H \ \ \ \ \ \ \

( 1 i
10 Sa N| Dha Da 1
Figure 1. lllustration of motifs of Kalyani and Pa

Sakarabharara with same swaras | | | | "

Karkaj Pha!gseZAmle

\
il i ] i

distinguish between the manualy identified motifs and then |, i 0 Dia
classify them into their respectivagas. We have cho-
sen a set of fiveagas for this, namelyKamioji, Kalyani, E P
Sankarabharara, Bhairav, Varali. Of these Kalyani and i | .
Sakarabharara are samprna ragas. Varall andKalyani 0 9
\
\

correspond tqprati-madhayama agas while the others [ |

\ .
belong tosuddha madhyamaagas®. A set of prosodic ) N i
phrases that are unique to thhaga and that are often re- DSG

|

peated in concerts are manually marked. The dataset is
then divided into a training set and a testing set. HMMs are
trained using the training set of the motifs. The HMMs are ‘ ‘ ‘
tested on the test set. The prosodic phrases are defined rel A
ative to the tonic. The motifs are normalised with respect ™ \/\
to the tonic using the approach discussedlifi.[ Figures ol &

2 and3 show Bhairavand Kamtoji motifs in terms of the | | |
pitch contour for a number of different musicians, respec- ¥, 0 1 P 0 P 0 I 0 P i
tively.

Visually the motifs of the sameaga are similar, while ) o ) o ) ]
those of differentagas are different. A simple string match- Figure 3. Similar motifs for Kamkoji from different musi-
ing approach will not suffice, because the duration of a mo- ¢'ans.
tif can vary based on the artist. Also the same motif is sung
with different variations by the same musician. Thus a mo-

\
i 1 3

4 prati madhayama corresponds to Ma2 andddha madhyama tif will not always be repeated in thg same manner. Th|§ is
corresponds to Mal. because the gamakas expressed in the phrase are similar
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but not identical. From the figure, it is rather difficult to
identify where a given note ends and the next note starts.
To accommodate the issues highlighted above, it was felt
that Hidden Markov Models may be appropriate for the
given task. Each motif is modelled using continuous den-
sity HMMs. The HMM structures are appropriately de-
signed based on the motif that is to be identified.

In Section2, we describe the database used for this anal-
ysis. In particular, we discuss the motivation for choosing
the set ofragas. Next, we also discuss the methodology
that was used to extract motifs from the various pieces. It
was decided to label motifs that were unique and popular
in araga since covering all motifs characteristic toaga
is not possible. Next in Sectid) we discuss the need for
using HMM s for identifying motifs. The experimental re-
sults are also presented. The results vindicate the claim
that a motif identifies @aagauniquely. Finally, the conclu-
sions are presented in Sectién

2. DATABASE DEVELOPMENT FOR THE STUDY
OF MOTIFS

As mentioned earlier, the purpose of this paper is to ex-
plore the possibility of using machine learning to perform
motivic analysis of aaga Machine learning warrants a
large database of phrases. A statistical analysis was-there
fore first performed on a personal collection of the authors,
to determineragas that are popular. The list is obtained
from concert collections of about 20 artists (male, female
and instrumental) and 103 concerts. Tabkhows a par-
tial list of theragas that are rendered frequently in Carnatic
Music.

Theragas Kamhoji, Kalyan, Sanka@abharaa, Bhairav,

Tod are considered to be populagas. These are chosen
for elaborate exposition in concerts. The statistics oleti

in Table1 seconds this hypothesis. Although the list given
in Tablel is not exhaustive, there exists a large repository
of compositions in the aforementioned sagas. This re-
sults in a large repository of motifs for development and
improvisation.

In this paper, an attempt is made to studyrthgas kamoji,
Kalyani, Sankarabharare, Bhairav, Varali. AlthoughTod
is performed extensively (according to the table), it wats no
included in this database, since it is in itself viable for in
dependent analysid]. Alaparas of various performances
were taken and the motifs were labelled by a professional
musician in the fiveagas chosen for the study.

Initially, a number of different motifs for eaatagawere
identified and marked. For example, for tfagjas, Kamboji
thirty different motifs were identified. But it was observed
that many of the motifs did not occur frequently. The most
popular set of motifs were therefore marked first to meet
the requirements. A set of 10 phrases were chosen from
the Alapara section of a piece in the database and labelled.

Raga Number of songs
Todi 1797
Kalyan 1712
Kharaharaprig 516
Sahkarabharara 1206
Bhairau 1384
Kamhoji- 1622
S=awen 561
Dhanyas 300
Gowla 390
Varall 483
Kanad 60
Bilahan 452
Mohana 575
Sriranjini 69
Sivaranjini 35
Janaranjini 128
Surati 108
Madhyanavat 540
Manohan 223
Nata 205
Abogr 354
Satarma 220
Devagndhan 188
Hemavat 72
Vacaspat 134
Mukan 374
Husen 107
Darbar 55
Nayak 170
Sanmukhaprig 481
Simhendramadhyama 102
Harikamboji 404
Mayamalavagowla 265
Hindolam 385
Hamsadhwan 649
Table 1. Database
RagaName Phrases labelled Instances
Bhairau 10 205
Kamhoji 30 343
Sarkambharaa 10 366
Kalyan 9 138
Varall’ 5 144

Table 2. Total no. of phrases

Out of these 10 phrases, typically one or two phrases gen-smay not be complete phrases but are typical of that particu-

erated a large number of examples. Tabigves a statistic

lar ragaalone. A combination of vocal (male and female)

of the number of phrases marked along with the total num- and violin were chosen for labelling phrases. Depending

ber of instances across all phrases.

on the availability of examples for HMM modelling and

Some of these phrases are used as refrain phrases aftemiqueness of the phrase toraga table 2 was further

improvisation to highlight the identity of theaga These
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raga

Phrases

Instances

Workshop (Istanbul, Turkey, July 12-18, 2012)

Bhairav Phrase 1 70 \ \ T — ‘ ‘ ‘ ‘
_ Phrase 2 52 i Dha Dha
Sankambharaa | Phrase 1 101 - Sa Pa 7
Kamloji Phrase 1 104
Kalyan™ Phrase 1 52 | | | | | | | |
Varah— Phrase 1 52 0 il [} [} L} KBMMJ\PWM m m w Juil il
1y, n Dt ~1 ‘
Table 3. Phrases for modelling 1l S
T \ \ \ ]
0 kil m — m )
3. CONTINUOUSDENSITY HMMS FOR n - e — :
MODELING MOTIFS ’”W 0 |
Given that the motifs are quite typical of eachga, ini- U ‘ ‘ ‘ ‘ |
tially an attempt was made to find the location of these i w M s v G
motifs in a continuous piece. This is akin to keyword spot- |- | Dha | | | |
ting in continuous speech. Given that the pitch and energy . isa . P I
contours are rather noisy, the results were very poor. To * | | N | N N' | ‘ D
accommodate the variations in the prosody of the motif, it % 1 1 i i 1 u W
was felt that HMMs may be appropriate. The HMM struc- A V”P‘m T
ture is approximately dependent on the number of notes G R .
that make up a phrase. A left-right HMM was used. u % N
T I L 7 LT ]
Bhaiai Phasel 0 il kil ki L} El fl L} 0 0 m
\ \ \ \ \ \ \ \ \
R Ga M : Ot : ] Figure 5. Matifs of Kamhoji, Kalyan and Vaali
e d a 1
| | | | | | | | |
B Phracel
1 [ Ga‘ 1 \ \ used for every state, since some phrases are rendered in
. R P i S 7 two octaves.
o | | | | | ‘ | ‘ 7 A total of 10 motifs were experimented with — tihairav
% 0 n u m ) m W W 0 motifs, threeKa_mtﬁijotifs, threeSahkarﬁbhara_rﬁ mo-
; St i tifs, oneKalyan motif and oneVarali motif. The choice
al 'S a3 Ni Dha P‘ ] was based on the number of available examples. Table
&W ] gives the confusion matrix for motif recognition. In the ta-
ar | Dha ha | ‘ ] ble, theraganames are replaced by appropriate acronyms.
5 g W Saladwatis] 8 u a The integer suffix refers to a specific motif. The following
. S \Dha \ N \ % \ observations can be made from the table:
MW 1 e Similar motifs of the sameagas are identified cor-
rectly.
% J] 1“” Shakatteara e ll“ Tlﬂ o Y _
g I . I I I o Different motifs of the sameagas are distinguished
- : P 1 quite accurately.
MT ‘ ‘ a‘ ‘ ‘ ‘ ‘ e Motifs of differentragas are also distinguished quite

Figure 4. Motifs of Bhairav andSaika@bharaa

Figure 4 and Figure5 show typical pitch contours for

the motifs. The figures give the approximate

sequence in terms of number svaras, and the correspond-

ing HMM structures required for each of the

accurately, except for sk3 (diagonal elements in the
Table).

Motif sk3 is confused withkyl and kbl. This is
because the phrase is rather short and at the macro
level consists of only two svaras.

e The HMM output must be postprocessed using du-

length of the o .
ration information of every state.

motifs. The

number of states in the HMM structure was based on the

changes that we observed in the pitch contour. The state in
an HMM is supposed to correspond to an invariant event.

4. CONCLUSIONS

We therefore chose the number of states based on the numthe relevance of motivic analysis for understandiagas
ber of invariant events in the motif. Two mixtures were is studied in this paper. In particular, the use of machine
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[6] P. Chordia and A. RagRaag recognition using pitch-

Table 4. Confusion matrix for motif recognition using
HMMs(bh — Bhairav, ky — Kalyan, kb — Kamhoji, sk —
Sakarabharaa, va — Vaall)

[9]

recognition of motifs is attempted. Interesting observa-
tions include the fact that there indeed exist distinctraspdic
motifs for eachraga It is also shown with examples that

motifs should not be transcribed into svaras, since annd10]

tation could lead to significant loss of information. Ide-
ally, one would like to spot motifs in a recital. But this re-
quires that one be able to first identify the intonation unit
or breath groups of the performance. As a motif is likely to
be confined to a breath group, the search space can be con-
siderably reduced. This requires significant understandin

of metre and the acoustic cues that enable their identifica-
tion.
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