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Tab. 1 Comparison of ablation experimental results for accuracy and normalized KL divergence
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Tab. 3 The results of different music style accuracy, total accuracy and normalized KL
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Tab. 4 Comparison of the results of EB,PR and NUP in the data set of the model
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Fig.6 Generated melody evaluations in terms of coherence and emotional expression
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Automatic melody generation method based on conditional CNN-BiLSTM

Cao Xizheng, Zhang Hang, Li Wei

(College of Computer and Information Engineering; Engineering Lab of Intelligence Business &. Internet of Things; Key Laboratory of

Artificial Intelligence and Personalized Learning in Education of Henan Province, Henan Normal University, Xinxiang 453007, China)

Abstract: To effectively generate structured melodies, a melody auto-generation method based on theme-conditioned
CNN-BILSTM is proposed. Melodies are represented in the form of piano roll windows, and the piano roll windows are seg-
mented using a combination of fixed-length and variable-length methods. The Ward clustering algorithm is used to perform
cluster analysis on the piano roll window segments, and the largest cluster obtained is taken as the melody theme of the song.
The melody theme is used as a condition to generate melodies using a model based on the CNN-BiLLSTM structure. The upper
part of the CNN can effectively extract the information between time and pitch contained in the piano roll window, and the low-
er part uses LSTM and BILSTM to capture the temporal information better in the sequence. The results show that, compared
to the existing MidiNet model, the melody theme-conditioned CNN-BiLLSTM model achieves improvements of 23 % in accuracy
and 0.17 in normalized KL divergence. The generated music is also superior to traditional models in terms of coherence and

emotional expression.

Keywords: music generation; automatic composition; CNN-BILSTM; main melody extraction; clustering
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