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Abstract. For the South Indian musical tradition known as Carnatic
music, embeddings of svara (note) pitch time series have proven useful
for tasks such as svara classification and performance analysis. In this pa-
per, we extend an existing embedding method by incorporating findings
from musicological research on the relationship between the performance
of a svara and its immediate melodic context, in order to improve the
learning of these embedding models. We present a context-aware GRU-
based model, adapting the existing DeepGRU architecture to encode
both svara and its surrounding melodic context, before combining them
via a co-attention mechanism prior to classification. For a ground truth
dataset of 2,077 expert svara annotations across two performances in
raga Bhairavi, we observe that the inclusion of melodic context leads to
a 6.6% absolute increase in F1 score for svara label classification (from
78.3% to 84.9%), and an 7.8% absolute increase (from 59.9% to 67.7%)
for classification of svara-form: sub-svara clusters that capture gamaka
(ornamentation) variations in the performed svara.

Keywords: Representation learning - Time series analysis - Carnatic
music - Coarticulation

1 Introduction

Carnatic music, an art music tradition from South India, has been the subject
of considerable recent research interest in Music Information Retrieval (MIR).
Active areas of research on this musical style include melodic pattern recogni-
tion [14-16,29,30], note transcription [13,40,49,52], music synthesis [39,48] and
performance analysis [17,18,31,32]. These tasks often rely on latent represen-
tations, typically learnt by neural network models trained on expert-annotated
data. Such representations offer a low-dimensional, length-invariant space that
enables large-scale similarity comparisons across corpora.

However, note- or pattern-level annotated data are scarce, costly to obtain,
and require input from multiple experts, whose annotations may diverge due to
valid differences in level of detail. Transcription from audio to symbolic notation
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is widely acknowledged in musicology as having a significant subjective com-
ponent [11] with a typical issue in Carnatic music transcription being different
possible approaches to the degree of detail represented in the notation [34].

A challenge in the automated estimation of melodic representations in this
style is that svaras (note-level units) are often performed with gamakas (orna-
mentation), some of which oscillate around the theoretical pitch position without
resting on it [22]. Furthermore, in any given raga, a svara may be performed with
different gamakas, depending on its melodic context. As a result, there is a great
deal of variability in the ways that a svara can be performed, making automated
transcription particularly challenging in this style. However, the number of ways
that a svara may be performed are not limitless, but rather are constrained
by the tradition. Indeed, ragas are often best identified by their characteristic
gamakas and motifs, rather than by their scalar content [53]. Therefore, there
is scope for applying this knowledge that lies within the tradition to assist with
svara identification.

In Carnatic music pedagogy, svaras and their associated gamakas are learnt in
the context of musical phrases [53], and musicians themselves know that the way
a svara is performed depends on its melodic context [48]. Following from these
insights, the relationship between svara performance and immediate melodic con-
text has been theorised using the concept of coarticulation: the tendency for the
performance of a unit (in this case a svara) to be influenced by that which pre-
cedes or follows it [33]. Coarticulation is an important topic in phonetics, because
phonemes differ in their realisation depending on their immediate context [24].
This indeed was one of the initial obstacles to automated speech transcription
and synthesis [5,25], a situation that can be aptly compared to that facing the
computational analysis of Carnatic music.

The coarticulation hypothesis in Carnatic music has recently been investi-
gated empirically using computational methods [31,32]. This existing work cre-
ates a small dataset of svara annotations, as well as groupings of the different
svara realisations into svara-gamaka units that are referred to as svara-forms. A
first paper demonstrated a significant relationship between neighbouring svara
and svara performance, and subsequent work found that the relationship in-
creases as context increases, and plateaus after around 2 svaras either side.

In this paper, we present a novel methodology for improving svara representa-
tion learning by incorporating melodic context as an input to a svara embedding
model. We demonstrate the value of this inclusion by evaluating the learned
representations effectiveness for svara classification on an unseen ground-truth
test set from the original annotations.

The code to reproduce this analysis and access the Context-Aware DeepGRU
model can be found in the accompanying Github repository3.

3 https://github.com /thomasgnuttall /ContextGRU/
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2 Related Work

Latent representations of sequential data have proven to be valuable interme-
diates for various music analysis tasks, including transcription [13], motif find-
ing [30, 56], classification [23, 26, 37, 44, 46|, performance analysis [31, 32|, and
synthesis [38], both in Carnatic music and beyond. In many cases, the learned
representation serves as a distilled encoding useful across multiple tasks [2,51,55].

A common limitation in training these models is the lack of annotated ground
truth data, and whilst some small datasets have been published [17, 30, 32],
in Carnatic music, this remains a problem. A comprehensive review of deep
learning techniques for time series with limited labels can be found in [10], and
can be broadly grouped into three categories: developing model components
with fewer parameters to improve performance on small datasets, such as the
case with Gated Recurrent Units (GRUs) (shown to perform well in classifying
svara with limited data) [27,31]; by pretraining in a self-supervised fashion on
a broader, related dataset [6,21,46]; or by leveraging more information from
existing data, such as including additional contextual features [8] or modalities [7,
54] to contextualize the primary input. It is the latter that this paper is concerned
with.

Due to the ornamented nature of the style, Carnatic svaras are well character-
ized by segments of continuous pitch time series [1,17-20,22,29,35,36,41,42,53].
Deep learning models for time series representation do not typically incorporate
explicitly defined contextual features [9,27,28]. However, for the case of pitch
time series of svara, recent musicological and computational studies have shown
that neighbouring melodic context provides important information about how
individual svaras are performed [31-33].

In this paper we leverage the findings in [31-33] to improve svara represen-
tation. We do this by adapting an existing embeddings model [27,31] to incor-
porate contextual information provided by the time series surrounding ground
truth svara annotations, demonstrating its effectiveness for the task of svara
label classification.

3 Dataset

We work with two performances in raga Bhairavi from the Carnatic corpus of
the Saraga dataset: Kamakshi (composed by Syama Sastri), performed by San-
jay Subrahmanyan, and Raksha Bettare (composed by Tyagaraja), performed by
Shruthi S. Bhat [43,47]. The total duration of these composition performances
is approximately 25 minutes and they are accompanied by a total of 2,077 ex-
pert svara annotations, created collaboratively by two Carnatic musicians. The
annotations are made in sargam notation, a form of notation traditionally used
in Carnatic music that is similar to solfége (the seven svaras in this raga are
sa, ri, ga, ma, pa, dha, and ni). Of these 2,077 svara annotations, 804 svaras
include an additional svara-form label, denoting sub-svara clusters that capture
gamaka variations, such as the four ga variants in Fig. 1. All annotations were
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manually verified by a Carnatic music expert and have proven useful for music
analysis [31,32].
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Fig. 1. Predominant pitch curves for four variants of the svara ga in raga Bhairavi.
These plots illustrate how the same svara can be performed with a number of different
gamakas - melodic movements - that traverse a range of pitches.

4 Methodology

In this section we detail the extraction of the fO time series corresponding to
the predominant vocal melody for each of the ground truth annotations and
their surrounding context, and present a GRU-based recurrent neural network
for encoding and classifying svara alongside its context.

4.1 Svara Time Series

Each annotation in our dataset corresponds to a performed svara in one of
two compositions in raga Bhairavi. For both performances, we extract the fO
time series corresponding to the predominant vocal melody using the FTA-Net
Carnatic pitch extraction model available in the compIAM package [12]. Short
silences (up to 200 ms) are interpolated, and pitch is expressed in cents relative
to the performer’s tonic, as provided by the Saraga dataset. We smooth the pitch
curves using a cubic spline, preserving melodic peaks.

Our classification model expects individual svara observations, which it en-
codes and classifies (Section 4.2). Each observation comprises three distinct time
series: (1) the fO pitch curve of the current svara annotation, (2) the fO pitch
curve of the preceding melodic context, and (3) the f0 pitch curve of the succeed-
ing melodic context (see the upper section of Fig. 2). Current svaras containing
intermediate silence (i.e., not at the boundaries) are excluded due to the likeli-
hood that they have pitch extraction errors.

The two contextual pitch curves are extracted from segments preceding and
succeeding the current svara, with a duration twice that of the svara itself. This
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follows [32], which shows diminishing correlation between svara performance
and context beyond two adjacent svaras. If the contextual segments exceed one
second, they are capped at one second. If silence is present, contextual segments
are trimmed to start or end with silence for preceding and succeeding contexts,
respectively.

Whilst silence in the pitch curve of the central, current, annotation is likely
due to pitch extraction errors and thus excluded, silence in the preceding and
succeeding context is expected (e.g., ends of phrases) and treated as being mean-
ingful (potentially having its own influence). We retain this silence by substitut-
ing it with a pitch value far outside the expected pitch range of a Carnatic
vocalist (-4000 cents) and by introducing a binary feature indicating silence.
Consequently, each of the three pitch curve time series per observation is two-
dimensional: one feature representing pitch (in cents), and one binary feature
indicating silence.

Each observation is associated with two labels: the svara label, indicating
the performed svara (€ {sa,ri, ga, ma,pa,dha,ni}), and the svara-form label,
representing the cluster of unique gamaka (Section 3) [32]. Fig. 1 illustrates four
observations for the svara ga.

4.2 Context-Aware DeepGRU Network

Our model (Fig. 2) is an adaptation of the existing DeepGRU model [27], which
has been demonstrated as effective in classifying svara in small datasets [31]. To
allow the model to focus on temporally salient information within and beyond
the primary sequence of interest, we alter the attention mechanism to apply it
independently to the outputs of three GRU-based encoders: preceding, current,
and succeeding. Consisting of stacked GRUs, each encoder processes the variable-
length time series pitch curves corresponding to the preceding context, current
svara, and succeeding context respectively (Section 4.1), to produce a sequence
of hidden representations. Attention is computed on these representations with
reference to the final hidden state of the current encoder.

If H € REXTXd denotes the sequence of hidden states produced by an en-
coder - where B is the batch size, T the sequence length, and d the hidden
dimensionality - and h. € RE*? represents the final hidden state of the cur-
rent encoder, the attention mechanism computes a compatibility score between
each time step in H and the reference state h., projected via a learnable linear
transformation W € R%x¢:

ey = HWh, fort=1,...,T

These scores are normalized via a softmax function over the temporal dimen-
sion to obtain attention weights o € REXT*1:

exp(et)
A==y
> k1 exp(er)
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Fig. 2. Context-aware DeepGRU Network. Contextual and current pitch time series
are encoded separately and combined through a co-attention mechanism before classi-
fication.
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And the context vector ¢ € RE*? is computed as the weighted sum of the
input sequence:

T
c= E oy Hy
t=1

As in the original DeepGRU model, to capture higher-order temporal inter-
actions, this context vector is passed to an auxiliary single-layer GRU, initialized
with h., yielding a gated context representation ¢’. The final attention output is
then formed by concatenating the raw context vector and the gated context:

é=lelc]

This process is applied independently to the preceding, current, and succeed-
ing encoders’ outputs, with all attention computations referencing the current
encoder’s final hidden state, h.. This ensures that context integration remains
dynamically aligned with the current sequence, and enables the model to selec-
tively attend to temporally relevant cues from the two contextual sequences.

The classification head of the original DeepGRU model remains unchanged -
the three attention outputs are concatenated and passed to two fully connected
layers with batch normalization, dropout, and ReLLU activation functions, map-
ping the learned feature representations to the final output classes.

5 Experiments and Results

5.1 Experiment 1: Ablation study

To understand the impact of melodic context on svara classification, we train
two models on the ground truth annotations: one with contextual data, using the
model presented in Section 4.2, and one using only the central current time series,
with the contextual encoders removed. In the latter case, the model reduces to
the original DeepGRU architecture. Each model is trained twice—once to predict
svara-form and once to predict svara—resulting in four experiments in total.

Each encoder is configured with an input layer size of 32, halving in size
at each subsequent layer. We use the Adam optimizer, a learning rate of 1073,
and a weight decay of 10™*. All experiments use a mini-batch size of 256 and a
dropout rate of 0.3. These training parameters follow the original DeepGRU Py-
Torch implementation. Models are evaluated using 3-fold cross-validation, and
we report the average F1 score on the test set across all folds. To prevent over-
fitting, training data is augmented by balancing class distributions using time
dilation with a factor of between 0.9 and 1.1. Table 1 displays the results.

We note that for predicting both swvara-form and svara, the inclusion of
melodic context significantly improves model performance — a 6.6% absolute
increase in F1 score for svara classification (from 78.3% (£2.6) to 84.9% (£2.5)),
and a 7.8% absolute increase (from 59.9% (+0.6) to 67.7% (£3.3)) for svara-
form.
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Table 1. Effect of considering melodic context on Svara and Svara-form Classification

Melodic Context|Target F1 mean|F1 std
No Svara 0.783 0.026
Yes Svara 0.849 |0.025
No ~~~  |Svara-form|0.599  |0.006 |
Yes Svara-form|0.677 |0.033

5.2 Experiment 2: Encoder Contributions

To understand the relative impact of the preceding, succeeding, and current
encoder on the final prediction, we conduct a gradient-based attribution analysis
to measure how sensitive the model’s prediction is to small perturbations in
specific encoder outputs, quantified via the L2 norm of the gradient. Specifically,
we compute the gradient of the predicted class score with respect to the attention
output of each encoder: preceding context, current input, and succeeding context.
The L2 norm of each gradient is used as a proxy for the encoder’s influence on the
model’s decision, with higher norms indicating greater sensitivity. This approach
has been demonstrated to be useful for comparing internal components’ influence
without retraining or ablation [3,4,45,50].

Averaged over the entirety of the ground truth data, the normalized gradient
norms are 0.295, 0.402, 0.303 for the preceding, current, and succeeding encoder
respectively, suggesting that whilst each encoder contributes meaningfully, the
central input encoder has the highest influence on the classification decision,
with the two contextual encoders demonstrating a smaller but equally balanced
contribution. It is perhaps not surprising that the central input should dominate,
with contextual information providing supportive but secondary contributions.

6 Conclusion

In this paper we present a context-aware, GRU-based time series classifier, adapt-
ing the existing DeepGRU to encode multiple time series separately and combine
them via a co-attention mechanism before classification. We show the effective-
ness of this model in contextualizing svara embeddings with their surrounding
melodic information by improving the F1 score of svara classification by 6.6%,
(from 78.3% (£2.6) to 84.9% (+2.5)), and 7.8% (from 59.9% (40.6) to 67.7%
(£3.3)) for svara-form, on a ground truth dataset of 2,077 expert annotations.

This finding also corroborates previous musicological and computational stud-
ies on the relationship between svara performance and immediate melodic con-
text, and explicates a characteristic of the style implicitly understood by prac-
titioners.

Given the widespread use of representation learning for MIR tasks, we antic-
ipate that improvements to these models, such as that presented in this paper,
will positively impact downstream applications such as transcription, pattern
recognition, and synthesis, by more effectively capturing this implicit musical
knowledge embedded within the Carnatic tradition.
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