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Implementation of Music Similarity Analysis System Employing
Source Separation and Automatic Transcription Learning
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ABSTRACT

Since existing music similarity analysis method are typically based on mixed music data that includes all
instruments and audio channels, it is difficult to automatically detect plagiarism when there is a change in the
genre or singer from the original song, such as slowing down a fast-tempo dance song and changing it to a
ballad genre. In order to improve these existing similarity analysis method, this paper explored suitable open
sources based on the overall structure of the music similarity analysis system proposed in previous studies, and
uses them to implement an actual analysis system. To utilize open source deep learning models, we built a
music dataset and preprocessed the data for training, achieving SDR of 5.439 for spleeter, a music separation

model, and Fl-score of 0.853 for Omnizart vocal, a music transcription model.
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Table 2. Number of data collected for each genre
Genre Original Cover Org+Cover
Ballade 300 2,700 3,000
Dance 200 1,800 2,000
Trot 200 1,800 2,000
HipHop 100 900 1,000
Rock 100 900 1,000
RnB 100 900 1,000
Total 10,000
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Table 3. Model Training Environment
S/W Model version
Spleeter 3.7.13
Omnizart Vocal 3.6.10
python
Omnizart Drum 3.7.0
Omnizart Chord 3.6.13
Spleeter 2.10.0
Omnizart Vocal 2.3.0
tensorflow
Omnizart Drum 2.5.0
Omnizart Chord 250
CUDA ALL 11.3.1
CuDNN ALL 8.2.1
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“train_csv”: ”./configs/musdb_train.csv”,

"validation_csv”:

" Jconfigs/musdb_validation.csv”,

"model_dir”: “model”,

[

“mix_name”: "mix”,

“instrument_list”: [ “vocals”, “drums”,

“other” ],

“sample_rate”: 44100,
“frame_length”: 4096,

"frame_step”: 1024,
“T": 512,
"F”: 1024,

“n_channels”: 2,
“separation_exponent”: 2,
“mask_extension”: "zeros”,
“learning_rate”: le-4,
"“batch_size": 4,
“training_cache”: “./cache/training”,
“validation_cache”: ”./cache/validation”,
“train_max_steps”: 200000,
“throttle_secs”: 1800,
"random_seed”: 3
“save_checkpoints_steps”: 1000,

"save_summary_steps”: 5,

}

”bass”,

a8

Fig.

mix_path

train/1/mixtureway  train/1/vocalsway  train/1/drumswav  train/1/basswav

4. config.json®] T4 A1
4. Configuration information in the config.json
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5. Configuration information in the
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Table 4. Setting parameters for Spleeter model

Parameters values

batch_size 4
learning rate 0.0001

max_steps 200000

E 5. Omnizart 289 vjejue] A7
Table 5. Setting parameters for Omnizart models

type epochs batch_size val_batch_size
Vocal 10 16 16
Drum 10 16 16
Chord 10 64 64
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Table 6. Training results for Omnizart models

type Fl-score
Vocal 0.853
Drum 0.695
Chord 0.392

Spleeter SDR

Start Time : 2023-07-05 03:16:33.473782
End Time : 2023-07-05 06:25:30.057728
SDR Mean : 5.439
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Fig. 9. Spleeter model training result log
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Table 7. Similarity measure results for MelodyShape

Dance_00936_Org
Dance_00936_Tempo_B 99.3369
Dance_00904_Org 0.3003
Dance_00903_Genre_A 0.0852
Ballade_00811_Timbre_D 0

I 8. GrooveToolBox®| fAME =4 Az}
Table 8. Similarity measure results for GrooveToolBox

Hiphop_00877_Org
Dance_00902_Timbre_D 93.591542
Trot_00891_Org 91.578642
Ballade_00955_Tempo_D 90.46484
Hiphop_00941_Genre_A 85.924574
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