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Karnatak music is a South Indian tradition with a distinctively ornamented style. Ornaments, known as
gamakas, are not notated and are learnt within phrases. Musicians are aware that the performance of
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e Svaras are note-length units with theoretical pitch positions e In practice, most svaras are performed with gamakas (ornamentation) that can MaxPool Embeddings
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% Allp<.0001. previous svara-forms analyses*™ representation learning. Useful for computational tasks like transcription, pattern recognition, and synthesis.
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