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Svara-forms and coarticulation in Carnatic music: an
investigation using deep clustering

Thomas Nuttall
Universitat Pompeu Fabra
Barcelona, Spain
thomas.nuttall@upf.edu

ABSTRACT

Across musical genres worldwide, there are many styles where the
shortest conceptual units (e.g., notes) are often performed with
ornamentation rather than as static pitches. Carnatic music, a style
of art music from South India, is one example. In this style, or-
namentation can include slides and wide oscillations that hardly
rest on the theoretical pitch implied by the svara (note) name. The
highly ornamented and oscillatory qualities of the style, in which
the same svara may be performed in several different ways, means
that transcription from audio to symbolic notation is a challenging
task. However, according to the grammar of the Carnatic style,
there are a limited number of ways that a svara may be realized in
a given raga (melodic framework), and these ways depend to some
extent on immediate melodic context and svara duration. Therefore,
in theory, it should be possible to identify not only svaras but also
the various characteristic ways that any given svara is performed -
referred to here as ‘svara-forms’.

In this paper we present a dataset of 1,530 manually created
svara annotations in a single performance of a composition in raga
Bhairavi, performed by the senior Carnatic vocalist Sanjay Sub-
rahmanyan. We train a recurrent neural network and sequence
classification model, DeepGRU, on the extracted pitch time series
of the predominant vocal melody corresponding to these annota-
tions to learn an embedding that classifies svara label with 87.6%
test accuracy. We demonstrate how such embeddings can be used
to cluster svaras that have similar forms and hence elucidate the
distinct svara-forms that exist in this performance, whilst assist-
ing in their automatic identification. Furthermore, we compare the
melodic features of our 54 svara-form clusters to illustrate their
unique character and demonstrate the dependency between these
cluster allocations and the immediate melodic context in which
these svaras are performed.
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1 BACKGROUND IN CARNATIC MUSIC

The Carnatic music terms svara and gamaka are commonly trans-
lated into English as note and ornament respectively. However,
there are important differences between the way these two sets of
terms are conceptualized. Gamaka (ornamentation) performs an
integral rather than decorative function in Carnatic music [37]. It
is often the specific prescribed gamakas that give a raga (melodic
framework) its unique character, and the proper expression of a
raga’s character is one of the main goals of the style [37]. There-
fore, the performance of particular gamakas (ornaments) on certain
svaras (notes) is not optional for the performer, but rather is a
necessary part of the performance.

There is a distinction to be made between how gamakas are
understood in theory and in practice. Treatises and books of music
theory list named and defined gamakas [3], meanwhile in practice,
as noted by Carnatic flautist and musicologist T. Viswanathan ‘it is
virtually impossible to make an exhaustive list of all gamakas, for
the many subtle variations of tone or pitch which are characteristic
of South Indian vocal style simply defy systematic classification’
[37]. Therefore, the gamakas listed in theoretical texts, while indi-
cating broad types of ornamentation, do not provide the musician
with sufficient information on precisely how a given svara must be
performed in a given melodic context. Instead, this knowledge is
acquired by musicians through learning compositions from their
teacher, listening to how the teacher plays svaras within the context
of each phrase and replicating this.

In any given raga, there are typically one or more specific ways
that each svara may be played in any given melodic context, and
this way of performing the svara often involves pitch movement
and points of emphasis and deemphasis, as well as rhythms arising
from such change. Typical melodic movements on svaras include
oscillations, referred to using the gamaka term kampita, some of
which do not even rest on the theoretical pitch position of the svara
[14]. Other common movements include slides (jaru) and the same
note articulated twice through a brief movement to a lower pitch
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(janta). Two or more forms of melodic movement may be combined
on one svara, for example a slide (jaru) may be followed by a
brief upwards flick to higher pitch, before continuing to the next
svara. Although these movements can be described using theoretical
gamaka terms (either singly or in combination), and the study of
these terms and their interpretation is valuable for understanding
the Carnatic style (for example, [10, 14]), due to the variability in
the performance of gamakas in different contexts, and, as described
by T. Viswanathan, their tendency to defy systematic classification
[37], in this article we will not focus on the gamaka names but rather
will take a more practice-based approach, exploring the actual ways
that each svara is sung in a single performance of a composition in
raga Bhairavi.

These ways of performing a svara in a given raga are neither
learnt by rote nor listed anywhere, but rather they are picked up
through repeatedly playing the phrases within which they lie. There
is equally no Carnatic music term to describe the combination of
svara together with its correct melodic movement (gamaka), and
instead the name of the svara is used. One might say, for example,
that the svara dha! is performed in a particular way in one context,
and in another way in a different context. For the purpose of this
article, therefore, we will refer to these different ways that any given
svara (for example, dha) is performed as ‘svara-forms’. In this way
we will consider the observable and various forms taken by each
svara in raga Bhairavi, based on a single 20-minute performance
by the renowned vocalist Sanjay Subrahmanyan.

2 RELATED WORK

Existing research looking at the ways svaras are actually performed
includes work based on computation from audio recordings of
pitch curves (fy time series of the predominant melody) [12, 15,
16, 31, 32, 38]. Also relevant to this article is an analysis by Robert
Morris of the different ways that each svara is performed in two
compositions, one in raga Kalyani and one in raga Bhairavi, based
on manual transcriptions into staff notation [22].

Whilst Morris relies on the manual grouping of svara-forms
based on his own expertise, other studies have characterized dif-
ferences in svara performance using computationally extracted
features, broadly separable into two groups: those related to into-
nation, such as properties derived from pitch probability density
functions across the octave (both in Carnatic music and the re-
lated North Indian Hindustani music context)[5, 6, 11, 28], and
those related to gamaka, such as number of stationary points, or re-
gions of constant pitch, in the extracted pitch curves [34-36]. Such
characterization enables a quantitative comparison between svara
performance and musically relevant concepts such as raga and its
structural features [5, 6, 28], and can assist with musicologically
relevant tasks such as symbolic transcription [36].

More recently, neural network models have proven effective in
automatically learning task-relevant features when trained on suf-
ficiently labelled data. These learnt features, whilst often lacking
interpretability when compared to handcrafted features, frequently

IThe seven svara names used in Carnatic music notation (sargam) are sa, ri, ga, ma,
pa, dha and ni. Similarly to solfége notation, sa can be placed at whichever pitch
is comfortable for the performers involved, although this is constrained by certain
conventions
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achieve state-of-the-art results when used for tasks such as clas-
sification, clustering and dimensionality reduction. In the current
context, with the predominant vocal melody described by an fj
time series, we look to recurrent and convolutional neural networks
that are able to encode sequences with consideration for each point
in relation to its neighbours. We refer the reader to comprehensive
reviews of algorithms for the tasks of time series clustering [18]
and classification [9]. One limitation of such highly-parameterized
models is the need for large amounts of labelled data for training.
Such data can often be expensive and time-consuming to obtain.
One model of particular interest is the recurrent, DeepGRU model,
which utilizes Gated Recurrent Units (GRUs) for the task of classi-
fication, demonstrating comparable performance to LSTM-based
models, using fewer parameters, and hence exhibiting faster train-
ing time and improved performance on smaller datasets [20].

This article builds on work exploring the influence of melodic
context on the performance of svara, which has been examined com-
putationally [28, 32] and also from an embodied music-analytical
perspective using the concept of coarticulation [24]. Coarticulation
is a phenomenon commonly examined in linguistics and human
movement studies in which the performance of a unit, for example
the articulation of a phoneme, is influenced by its preceding and
succeeding units - that is to say, its context [17]. Pearson applies
this concept to Carnatic music, showing how svaras in a violin per-
formance of raga Todi vary in the way they are realized, influenced
by the svaras that precede and follow them (the immediate melodic
context), as well as by the overarching oscillatory movements in-
volved in their performance [24]. This coarticulatory tendency is
explored in the present article using computational approaches.

Drawing on this existing research, we present a dataset of manu-
ally created svara annotations and train a recurrent neural network
model, DeepGRU, to learn a fixed-dimension embedding space of
svara-relevant melodic features. We demonstrate that these em-
beddings are valuable for the task of svara similarity comparison
and consequently, svara-form clustering. We further explore the
influence of melodic context on the clusters. Results are discussed
from both a technical and musicological perspective, contributing
to a better understanding of the potential uses of the dataset and
productive analytical approaches.

3 DATA

We base our analysis on a performance from the Saraga digital
library of Carnatic music performances, of the composition, Ka-
makshi, in raga Bhairavi, performed by the senior Carnatic vocalist
Sanjay Subrahmanyan [30]. From this audio recording we extract a
time series of the fj corresponding to the predominant vocal melody
and also annotate all svara start and end points, as described be-
low. The performance duration is 20 minutes and consists of 1,530
individual svaras.

Raga Bhairavi is generally considered to be a substantial and
musically serious raga, suitable for extensive exploration in perfor-
mance. It includes all seven svaras (sa, ri, ga, ma, pa, dha and ni). Its
ascending (arohana) and descending (avarohana) scales are often
written as follows: Arohana: S G2 R2 G2 M1 P D2 N2 $; Avarohana:
$N2 D1 P M1 G2 R2 S (the numbers 1 and 2 after the svara letters
denote the pitch position (svarasthana) with the octave divided into
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12 semitones). Bhairavi therefore includes two forms of dha, D1
and D2, with D1 lying a semitone above pa, and D2 a further semi-
tone above D1. In ascending phrases D2 is used, and in descending
phrases D1 is played. Most theoretical texts state that all svaras in
Bhairavi apart from sa and pa, are performed with gamakas, but as
can be seen from our annotations and clustering results, in practice,
even sa and pa are sometimes performed with pitch movement.

3.1 Svara Annotations

The annotations that constitute this svara dataset were created by
author 3, who has expertise in the style, with the help of a student
assistant who was supported by published composition notation.
Annotations were created in Praat [1] and involved identifying
the start and end points of svaras and annotating each one with
a label corresponding to its svara name (sa, ri, ga, ma, pa, dha or
ni). Following this, all annotations made were checked by author
3, both with respect to the svara name assigned, as well as the
start and end point of the svara, making changes where necessary.
The composition Kamakshi is highly suitable for the purpose of
svara annotation and classification, as it is a long composition in a
particular format (svarajati) where lines, known as caranam, are
first sung using the svara names and then repeated with lyrics. The
performance with svara names provides additional certainty that
the annotations align with the understanding of both the composer
and performer.? In addition, some lines in this performance are
performed at both slow and faster speeds, which provides further
variation in svara-forms produced. Furthermore, the opening pallavi
section is repeated between each caranam, which leads to a great
deal of repetition of the same svaras. Through this process, we
created a dataset of 1,530 svara annotations, which are provided in
the accompanying github repository.

4 METHODOLOGY

We train a DeepGRU model on the time series corresponding to
the predominant vocal melody of the individual svara annotations
to predict svara label, map each svara time series to the model’s
embedding space, reduce the dimensionality of each embedding
on a svara level, and cluster each svara group to identify unique
svara-forms. We compare melodic and melodic-context features of
each svara-form group to characterize the difference between these
distinct groups.

4.1 Time Series Dataset Creation

For the entire Kamakshi performance we extract a time series cor-
responding to the predominant vocal melody using a frequency-
temporal attention network, FTA-Net trained on a dataset of Car-
natic vocal ground truth, implemented as part of the compIAM
package [7, 26].

As in previous studies, we interpolate gaps in this pitch curve
shorter than or equal to 250ms, such gaps occasionally occur within
ornaments due to glottal stops or rapid vocal movements [8, 23]. We
then apply a 2nd order Savitzky-Golay filter with window length of

2Regardless of the care taken with the annotations, the transcription of audio into svara
notation involves a degree of subjectivity, largely arising from different decisions made
regarding the level of detail to include in the transcription[25]. In this transcription
we have aimed to follow the level of detail in the published notation and uttered svara
names.
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145ms for smoothing. The smoothing window size and interpolation
length is set according to manual inspection of the pitch curve
quality when compared to the performance audio.

The pitch curve is segmented into individual svara observations
based on the manual annotations presented in Section 3.1 and
trailing or leading silence is removed. Those that contain silences
or pitch jumps of over 1000 cents, owing to errors in the pitch
extraction process, are removed. Finally, svara pitch curves for
which more than 80% of values exist outside of the middle octave
of the vocalist’s range are transposed by 1200 cents, to lie within
that octave.

An example of 4 observations of ni is shown in Figure 1. The
forms seen here are just a few of the various ways in which ni can
be performed in raga Bhairavi.

4.2 Model Training and Deep Embeddings

We train a DeepGRU model on our time series dataset to predict
the 7 svara class labels. The model is trained on 70% of the data
and evaluated using classification accuracy on the remaining 30%.
The input data to the network is z-score normalized using the
training set, the initial learning rate, 0.001 and the batch size, 64.
For regularization we use batch normalization and a dropout of 0.5.
The number of features in the hidden state is 256. These parameter
decisions are made based on repeated experiment with a range of
sensible values, selecting those which maximize train accuracy.

Each svara observation in our time series dataset is embedded
using the trained model and the hidden state for each used as
features for within-svara clustering.

4.3 Clustering

We perform a SHAP analysis on the svara embeddings to under-
stand how each affects the final prediction [19], the results of which
are not included in this document but available in the accompany-
ing github repository. We observe that although all latent features
do contribute to the final prediction, not every feature is relevant
for every svara. Since our goal is to cluster these embeddings for
each svara, i.e. the subset of embedddings corresponding to each
svara are clustered separately, we first reduce the dimensionality of
each subset using Uniform Manifold Approximation and Projection
(UMAP), in an attempt to reduce complexity whilst maintaining
only the information relevant to each svara. [21]. The embeddings
are first z-score normalized and mapped to 5 components using
UMAP.

We apply k-means clustering on the 5-dimensional UMAP em-
beddings for each svara, 7 clusterings in total. The number of clus-
ters, K, is determined individually for each svara using the elbow
method on the inertia criterion, where inertia is defined as the sum
of squared distances of samples to their closest cluster center [27].

Generally, inertia decreases monotonically with increasing K,
a widely accepted method of selecting the ‘correct’ value of K is
by computing the inertia for multiple values of K and selecting
the point that corresponds to a sudden marked flattening of the
curve, the point beyond which any further increase in K provides
diminishing returns in terms of inertia value improvement [33].
We experiment with values of 5 < K < 30 and select the optimum
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Figure 1: 4 pitch curves of the svara, ni

number of clusters using this method, resulting in 54 distinct svara-
form clusters, detailed further in Section 5.

4.4 Post Processing

In an effort to prune clusters of incorrect or anomalous observations
we apply an outlier detection to each. For each observation we
compute the average euclidean distance between itself and all others
in the cluster, D(0;;) for observation i in cluster k.

j=N
D(oy) =| D d(yiy)) |/ N

J=t
i#]

1

Where N is the total number of observations in cluster, k, y; is
the UMAP embedding vector for observation, i and d(y;, y;) is the
euclidean distance, Zle (yio — yjo) between observation y; and y;.
Observations are removed from a cluster if D(o0;;) > Q3 +1.5IQRy,
or D(o;r) < Q1p + 1.5 * IQRy.. Where Q1; is the first quartile ,
Q3 is the third quartile, and IQRy, is the interquartile range, of
D(o;1) values in cluster k. These observations are excluded from
our analysis but are available in the accompanying results.

4.5 Cluster Characterization

To assist in the characterization of each svara-form cluster we
extract certain melodic and melodic context features for every svara
observation, averaging these values over each cluster.

4.6 Numerical Melodic Features

For each svara observation, we compute the following melodic
features:

min_pitch - Minimum pitch value in cents

max_pitch - Maximum pitch value in cents

pitch_range - max_pitch - min_pitch

av_pitch - Mean pitch value in cents

av_start_pitch - Mean pitch value in cents in the first 10% of
the pitch curve

av_end_pitch - Mean pitch value in cents in the final 10% of
the pitch curve

num_change_points - Number of peaks or troughs in the pitch
curve. To discount small peaks and troughs owing to subtle vibrato,
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while retaining the wider kampita gamaka and other musically
meaningful pitch fluctuations, we discard those with a topographic
prominence of below 70 cents.

4.7 Categorical Melodic Context Features

The comprehensive nature of our svara annotations provides us
with melodic contextual information about each svara in the dataset,
i.e for each svara observation, we know which svara (if any) pre-
cedes or succeeds it. This information is useful in studying the rela-
tionship between svara performance and its immediate melodic con-
text. Each svara observation is labeled with the following melodic
context features:

Preceding Svara - Svara label of the svara performed immedi-
ately before the current one. ‘silence’ if no svara precedes it.

Succeeding Svara - Svara label of the svara performed immedi-
ately after the current one. ‘silence’ if no svara succeeds it.

Preceding-Succeeding Svara - Unique combination of preced-
ing svara and succeeding svara, e.g. ‘ni-pa’

Preceding Direction - Either ‘ascending’ or ‘descending’ de-
pending on whether the current svara is above or below the pre-
ceding one. ‘from silence’ if the current svara follows silence.

Succeeding Direction - Either ‘descending’ or ‘ascending’ de-
pending on whether the current svara is above or below the suc-
ceeding one. ‘to silence’ if there is no succeeding svara.

Preceding-Succeeding Direction - Either ‘ascending’ or ‘de-
scending’ depending on whether the succeeding svara is above or
below the preceding one. ‘to silence’ if there is no succeeding svara.
‘from silence’ if there is no preceding svara.

4.7.1  Normalized Mutual Information. To quantify the relation-
ship between cluster allocation and immediate melodic context, we
compute the Normalized Mutual Information (NMI) between the
categorical melodic features in Section 4.7 and the categorical ‘fea-
ture’ of cluster label. The NMI of two variables, A and B is defined
as:

2% I(A, B)
A TR @)
H(A) + H(B)

Where I(A, B) is the mutual information between A and B and
H(X) is the Shannon entropy of the variable X [2]. An NMI value
of 0 indicates that the two features are completely independent
and a value of 1 indicates that they are perfectly correlated. An

NMI(A,B) =
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Sa Ri Ga Ma Pa Dha Ni
# Clusters 6 9 8 8 7 9 7
Table 1: Number of svara-form clusters identified for each
svara

investigation into the relationship between correlation coefficients
and mutual information as a measure of dependence can be found
in [29].

5 RESULTS

All results, pitch plots and code to reproduce this analysis can be
found in the accompanying github repository.3

5.1 Embeddings Model

Our model converges after around 100 training epochs. We evaluate
the model using 2-fold cross validation, reporting a test prediction
accuracy of 87.6%. Figure 2 shows the confusion matrix for pre-
dictions on the test set. Whilst overall the model predicts svara
very well, it has most difficulty in classifying dha, particularly in
distinguishing it from ni. This might be influenced by the fact that
the two svaras are neighbours, and are performed in raga Bhairavi
with a wide range of gamakas, some of which result in similarly
shaped pitch curves for ni and dha across a highly similar pitch
space.

1.0
EH 0 0 023 0.15 0 0
=

T- 0 0 0 0 0059 0 0.8
£-0026 013 [k 0 0 0 0
o 0.6
o
@ z- 0069 0 0 [FEM 0069 0 0.069
3
= - 0.4
g- 0027 0 0 0 0.97 0 0
e- 0 0 0 0077 O 0 | o2

T - 0 0 0.034 0.034 0 0
| | | i | | - 0.0
dha ga ma ni pa ri sa

Predicted svara

Figure 2: Confusion matrix of test predictions from DeepGRU
model. Values represent the proportion of <y-axis svara>
predicted as <x-axis-svara>

5.2 Clustering

In total we identify 54 svara-form clusters, Table 1 displays the
number of clusters for each svara.

3https://github.com/MTG/svaraforms- coarticulation
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Normalized Mutual Information (NMI)

P S PS Pdir Sdir  PSdir
Sa 0.224 0.237 0.350 0.180 0.145 0.177
Ri 0.324 0.179 0.370 0.268 0.148 0.145
Ga 0.340 0.217 0.380 0.261 0.181 0.251
Ma 0.385 0.117 0.403 0.405 0.117 0.391
Pa 0.248 0.239 0.398 0.144 0.057 0.172
Dha 0.326 0.271 0.496 0.326 0.148 0.145
Ni 0.509 0374 0.609 0.327 0.274 0.311

Table 2: Normalized mutual information (NMI) values be-
tween cluster prediction and melodic context. Values corre-
spond to the NMI between the categorical variables, cluster
allocation and melodic context, introduced in Section 4.7.
Where P is the preceding svara, S is the succeeding svara,
PS is the unique combination of preceding and succeeding
svara, Pdir is the preceding direction, Sdir is the succeeding
direction, and PSdir the preceding-succeeding direction.

For 45 of these 54 clusters, at least one of the melodic context
features introduced in Section 4.7 corresponds to at least 70% of
svaras in that cluster. Table 2 further clarifies this relationship with
the NMI values for each combination of svara and melodic context
feature. We see that in all cases the melodic context feature with
the strongest relationship to cluster allocation is the combination
of preceding and succeeding svara: the full melodic context. This is
particularly notable for ni and dha, as can also be seen when explor-
ing the clustering results. We note that in almost all cases, melodic
direction is not as important as the exact preceding and succeeding
svara in determining cluster allocation, though naturally, these two
features are closely related.

5.3 Interactive Svara Explorer

So as to provide a method of exploring the results of this analysis
to non-technical readers, we present our clustering results in an
interactive web application, available via the project Github repos-
itory. The DeepGRU embeddings of each svara are mapped to 2
dimensions using UMAP and visualized as points in a 2d scatter
plot, the cluster and svara labels corresponding to each observation
are indicated with distinct colors. Theoretically, proximity of points
(svaras) in this plot correspond to similarity between embedding
vectors. It is important to note that these 2-dimensional UMAP
embedddings are not those that are used for clustering in Section
4.3, for which we use 5 components.

Users can select a svara, explore the individual observations,
view their pitch curves, listen to the corresponding audio, visualize
their melodic and melodic context features, and view a feature
summary averaged across the svara-form cluster.

6 DISCUSSION

In this section, we reflect on the musicological relevance of the com-
putational results, based on a combination of qualitative analysis
and knowledge of the style.* The analysis focuses on the clusters of
4This is founded on the experience of author 3, who spent several years in South India

learning to play the style, followed by ten years of research in collaboration with
Carnatic musicians.
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Figure 3: Pitch curves corresponding to 6 dha clusters

dha, and the method used was to first listen to all examples of the
svara in our dataset without clustering, followed by identifying and
describing perceptually distinct svara-forms from amongst these.
Following this, the clustered forms resulting from the computa-
tional analysis were examined to consider how well they matched
with the qualitatively identified forms, and also to explore the mu-
sical features, common to each cluster.”

Through listening to the svara audio files in each cluster and
examining their respective pitch curves, it becomes apparent that

SFor the sake of visual clarity, three pitch curves in total that did not accurately reflect
the audio were removed from the figures accompanying this musicological discussion,
but these remain present in the dataset and overall results.
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many of the clusters consist of highly similar svara-forms, while
there are some clusters that are more mixed. In cluster 0 (see Figure
3a) nearly all of the examples involve a pitch movement that starts
at pa and ends with a brief touch of dha. The one outlier in the
cluster is an oscillation between pa and dha, which nevertheless is
similar to the others in parts of its pitch curve. Overall, this can be
considered a highly consistent group, nicely highlighting a clear
svara-form of dha in raga Bhairavi.

Cluster 1 also shows a good degree of consistency, with all pitch
curves starting at sa and ending at dha (see Figure 3b). There
is however a slight difference in the shape of the pitch curves.
Some traverse sa-pa-dha in an elegantly curved sliding motion
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(plots/dha/ni-82-pa.png in the github repository), while others com-
prise a simple brief slide from sa to dha (plots/dha/ni-52-pa.png in
the github repository). In this case, although these two slightly
differing variants both appear in one cluster, the clustering process
also helped reveal a form of the svara that was not initially iden-
tified by the analyst based on listening alone (the brief slide from
sa to dha), demonstrating the way in which the clustering may be
useful for music performance analysis, particularly when combined
with existing knowledge of the style. Cluster 7, meanwhile, displays
another set of the sa-pa-dha svara form (Figure 3f), but includes
four examples that remain on pa rather than rising to dha at the
end. Therefore, cluster 1 and cluster 7 present variations on the
same overall melodic movement, all sliding down from sa, with one
cluster more focused on the movement to dha, and the other more
consistently reaching pa.

Cluster 2 comprises 13 examples, all of which dwell largely on
pa, some with a slight movement up towards dha at the end (but
not to the extent of those in cluster 0). This cluster therefore nicely
represents the dha svara-form that consists largely of pa. Meanwhile
clusters 3 and 4 comprise a mostly steady D2 and D1 respectively
(Figures 3c and 3d). It should be noted that the description ‘steady’
is relative, as there will always be some slight pitch fluctuation in
vocal pitch curves. We therefore use the term steady to refer to
svaras that can be perceived as a single pitch, although perhaps
including slight vibrato or other subtle pitch movement.

A particularly characteristic form of svara dha in Bhairavi is an
oscillatory movement between pa and dha, which can be described
as a kampita gamaka. In Bhairavi, this is often performed on dha
when followed by ma, as in the phrase “ma pa ni dha ma”, although,
as seen in this cluster, a similar oscillation can also occur on dha
followed by pa. The majority of instances of this oscillatory form of
dha fall in cluster 6, six of which have this oscillatory form (Figure
3e). Also appearing in this cluster however are three renditions of
dha that have no oscillation at all, demonstrating that although the
current clustering is helpful in highlighting the various svara-forms,
it cannot be used as the sole source of information in a musicological
analysis, but rather must be combined with knowledge of the style.

Although the different forms of each svara are not learnt by
rote but rather through learning phrases, Carnatic musicians are
of course aware that the performance of svaras vary in ways that
are influenced by immediate melodic context. In research literature,
such influence has been explored from both computational and
music analytical perspectives [24, 28, 32]. The Normalized Mutual
Information (NMI) results from this paper indicate an influence
of melodic context on clustering. As the clustering itself does not
perfectly match the various svara-forms identified qualitatively,
the current NMI results do not directly relate to these svara-forms.
However, as noted above, the clusters are indicative of many quali-
tatively identified svara-forms, with highly consistent results on
numerous clusters. Therefore, it can be argued that the NMI results
relate not only to clusters but also, to some extent, to the qualita-
tively identified svara-forms. Focusing on those clusters that are
consistent in their svara-form we can see concomitantly consistent
immediate melodic context. For example, in cluster 0, every dha
is preceded by pa, and is succeeded by either pa or ma. Therefore,
all of these renditions open with an ascending motion to dha and
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are followed by a descending motion, either to pa or ma. Clus-
ter 1 is even more consistent, with every example preceded by ni
and succeeded by pa. Clusters that are similarly consistent in both
svara-form and immediate melodic context can be found across the
dataset.

The contextual consistency is lower for those clusters of dha
that consist of largely steady svaras, which is perhaps indicative
of the fact that such steady svaras do not include contextual in-
formation in their form; they are not coarticulated with previous
and following svaras, and, for example, they are not subsumed by
an overarching oscillation that begins in the preceding svara and
continues through to the succeeding svara, as sometimes can be
the case [24]. As a result, such steady pitch svara-forms can be
sung in a variety of contexts and, therefore, the immediate melodic
context in the clusters is more varied. Furthermore, the contex-
tual consistency appears lower in those clusters that have been
qualitatively identified as having a lower degree of svara-form con-
sistency. In conclusion, the combined evidence points towards an
effect of melodic context, which would be expected based on the
coarticulated melodic structure of Carnatic music.

As noted in Section 1, written Carnatic music theory has not
attempted to define the specific ways that each svara can be played
in a given raga [37]. Instead this knowledge exists as part of the oral
tradition, distributed across expert performers of the style. Evalua-
tion of the svara-form clusters presented in this article can therefore
only be made through expert assessment and/or annotation. Such
expert assessment of a phenomenon without well-defined cate-
gories will be subject to significant variation, depending on the
degree of detail considered and the individual annotator’s percep-
tion of the borders between categories - between similarity and
difference [25]. For example, in cluster 1 of svara dha, should there
be two categories or only one? Either option is plausible. Therefore,
it is necessary to accept that categorization of svara-forms will
involve several plausible truths rather than a single ground truth. A
potentially fruitful avenue for further research would be to employ
multiple expert annotators (experienced Carnatic musicians) in or-
der to assess the degree of inter-rater agreement on categorization
of svara-forms and any ‘subjectivity ceiling’ that might exist [4, 13].

7 CONCLUSIONS

In this study we show that deep embeddings of pitch time series for
Carnatic svaras are useful for the task of svara-form clustering. For
a single performance in raga Bhairavi, we automatically identify
and present 54 unique svara groups that are broadly indicative of
forms that are likely to be recognized by Carnatic musicians and
musicologists. We further demonstrate how these forms relate to
immediate melodic context, explicating knowledge that is implic-
itly understood by practitioners of the tradition and showing that
the style can be considered coarticulatory, in the sense that imme-
diate melodic context is an important determinant of svara-form.
Alongside our analysis we publish a dataset of comprehensive svara
annotations for the performance and an interactive web application
to explore the svaras and their clusterings.

We hope that our open dataset and clusterings will stimulate fur-
ther research on the identification and exploration of svara-forms
across this and other Carnatic ragas. Meanwhile the embeddings
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model, svara representations, and annotations should prove valu-
able for other computational music analysis tasks such as automatic
symbolic transcription. Further work could include the improve-
ment of pitch extraction and/or manual removal of inaccurate pitch
curves from the dataset. In addition, svara-form categorizations
made by multiple Carnatic musicians, would allow us to learn more
about the extent and areas of agreement amongst experts.
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