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Trees Data

GTTM time-span trees

• On monophonic melodies

• 150 sequences, length 11-38

Harmonic Analyses 

• on Jazz Chord Sequences

• 296 sequences, length 10-20
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Advantages
• Accurate

• Fast, Parallelizable (?)

• Handles Noisy Data

• Fits well into DL frameworks

• Works with multiple input features

Open-source code
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