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Music data

Most MIR problems are solved using supervised methods —» labeled data. \What can we do about it?

Music datasets have label errors: - Getting more human annotations: demanding and costly.

- Automatically correcting the errors: difficult for complex tasks.
- |Incorrect labels.
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Particularly problematic for datasets deriven from the Internet. Case study Note annotations—> errors in time and frequency:.

Bad annotations are problematic for training and evaluation.

Our solution
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How to train this model if we do not know what annotations are good and what annotations are bad? g 7

We use contrastive learning to determinate if an (audio, annotation) pair are a good label or not, exploiting
sequential dependencies between labels to predict incorrectly labeled time-frames trained using likely correct
labels pairs as positive examples and and local deformations of correct pairs as negative examples

Contrastive learning

The pitch labels are close to the notes annotation we have In the noise dataet. By comparing both, pitch estimations and note annotations, we can select
the “likely correct” examples, where the prediction is similar to the label. We distort them to generate the incorrect examples, defining our training set.
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We use this set for training the error detection model used to
clean the noisy dataset.
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