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Abstract :

In this paper, we propose a new model for the conditional generation of music, considering key and rhythm,

fundamental elements of music. MIDI sheet music is converted into a WAV format, which is then transformed into a
Mel Spectrogram using the Short-Time Fourier Transform (STFT). Using this information, key and rhythm details are
classified by passing through two Convolutional Neural Networks (CNNs), and this information is again fed into the
Music Transformer. The key and rhythm details are combined by differentially multiplying the weights and the

embedding vectors of the MIDI events. Several experiments are conducted, including a process for determining the

optimal weights. This research represents a new effort to integrate essential elements into music generation and explains

the detailed structure and operating principles of the model, verifying its effects and potentials through experiments. In
this study, the accuracy for rhythm classification reached 94.7%, the accuracy for key classification reached 92.1%, and
the Negative Likelihood based on the weights of the embedding vector resulted in 3.01.
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