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Task

Prompt Example

Musical Instruments Recognition

The sound of a <violin> coming from an <opera>

The sound of an <organ> coming from a <church>

Acoustic Scene Understanding

A <loud> sound of a <jackhammer> coming from a <street>

The sound of a <bike> coming from a <road>

Music Genre Classification

The sound of <jazz> coming from a <concert hall>

The sound of <rock> coming from a <room>

Impact and Emergency Sound

The sound of <gunshot> coming from a <university>

A sound of an <explosion> coming from a <parking lot>

Non-Verbal Vocalization Sound

A <hushed> sound of a <cough>

A sound of <laughter> coming from a <hall>
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