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Automatic Music Transcription (AMT) converts audio into 
symbolic formats like sheet music or MIDI. Traditionally 
time-intensive for human transcribers, AMT can accelerate 
music creation, education, and research by saving time and 
enhancing accessibility. Beyond music, its applications 
extend to assistive hearing technologies, such as 
addressing the “cocktail party problem” by isolating 
individual sound sources from noise. Techniques that 
distinguish instruments by acoustic traits could similarly 
separate voices, improving hearing aids and speech 
recognition in complex auditory settings.

To explore AMT’s current capabilities, we conducted a 
literature review of existing software, identifying Google’s 
MT3 model as among the most promising. However, many 
tools struggle with polyphonic or multi-instrumental music, 
hallucinate nonexistent instruments, or fail to isolate 
melodies. In response, we organized an AMT competition in 
April 2025, where participants submitted programs that 
converted up to 100 classical recordings (with at most three 
instruments) into MIDI files. Submissions, hosted on 
GitHub, were evaluated on instrument accuracy, pitch, and 
onset/offset precision.

Each model excelled in specific areas but lacked generality. 
Some differentiated instruments well yet misidentified 
pitches, while others captured rhythm accurately but 
confused instrument types. Future work aims to combine 
these strengths into a more robust model. One approach 
under exploration is a model-switcher, which dynamically 
selects transcription models based on the music’s 
characteristics. Ultimately, incorporating features like 
musical complexity could further improve accuracy and 
adaptability. In the future, the progress made in music 
transcription will not only impact the music industry, but 
improve overall quality of audio and speech transcription. 
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