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Music Style Transfer Method with Human Voice Based on CQT and Mel-spectrum

YE Hong-liang,ZHU Wan-ning and HONG Lei

School of Software Engineering, Jinling Institute of Technology,Nanjing 211100, China
Abstract In recent years,the generative confrontation network has performed well in the field of image style transfer, but its per-
formance in the field of music is average. The existing music style transfer has poor effect on the style transfer of music with hu-
man voice. In order to solve these problems,the CQT feature and Mel spectrum feature of the music are extracted,and then Cy-
cleGAN is used to transfer the style of the combined feature of CQT feature and Mel spectrum. Finally, the WaveNet vocoder is
used to decode the migrated spectrum. Finally, we realize the style transfer of music with vocals. The proposed model is evaluated
on the public data set FMA,and the average style transfer rate of music that meets the requirements reaches 94. 07 %. Compared

with other algorithms,the style transfer rate and audio quality of the music produced by this method are better than other algo-

rithms.
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Fig. 3 Model architecture
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Fig.4 Audio generated by deconvolution
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Fig.5 Audio generated using nearest neighbor interpolation
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Table 1 AQT(mean®=SD), TR scores for music style transfer task
with lineardecline A,

CHLp . %)

Origin domain— > Forward transfer Backward transfer

Object domain AQR TR AQR TR

Pop— >Classical 86.23+£5.65 93.66  80.17+4.64  92.34
Pop— =>DBlues 87.16+4.82 96. 74 75.91+£3.31 94.75
Blue— >>Country 82.38+5.23  93.79  79.444£8.07  91.53
Folk—>Jazz 88.69+£5.50 89.45  78.08£8.20  88.03
Jazz— > Classical 79.79+£6.95 91.71 75.48+8.39 89. 14
Pop— >Folk 84.23+4.68 94.42  80.77+6.12 91.41
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Table 2 AQT(mean=®SD).TR scores for music style transfer task
with non-linear decline A,

BT %)

Origin domain— > Forward transfer Backward transfer

Object domain AQR TR AQR TR
Pop— >Classical 85.72+6.78 96. 42 82.27+5.34 95.12
Pop— > DBlues 89.424+5.32 97. 80 79.46+4. 44 93.95
Blue— > Country 86.9147.43 95.59 79.71+6.87 94. 32
Folk—>Jazz 82.48+8.22 92.55 80.22+7.20 89.52
Jazz— > Classical 81.794+4.35 95. 30 78.42+5.25 91.74
Pop— >Folk 86.3246.62 94.73 81.64£6.86 91.82
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Table 3 Influence of value of A; on algorithm(a; €
{1,10,30,50,70,100})
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Score A=1  4=10 A,=30 A =50 2A;=70 2A,=100
AQR 87.43  83.69  77.43 72,43  69.49  68.54
TR 90.45  94.68  95.03  95.22  95.02  95.43
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Table 4 Influence of value of A; on algorithm(d; € {6,7.
8,9,11,12,13.,14})
CHAAL 20D
Score  A1=6 A =7 A =8 A =9 Aa=11 =12 A, =13 A, =14
AQR 86.34 85.44 83.72 82.53 82.75 80.44 81.42 79.34

TR 92.12 94.07 94.34 94.64 94.69 94.22 94.83 94.66
AQT* TR 79.53 80.37 78.98 78.10 78.35 75.79 77.21 75.10
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Table 5 Comparison of effects of three algorithms

CHLAL . 0D
Method AQT TR
Huang’s 68.93 87.62
Noam’s 72.34 82.91
Our’s 85. 44 94. 07
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