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Without GA
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• Multilabel accuracy without Genetic Algorithm
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Dataset Without GA
DEAM 0.007 ± 0.000 
GTZAN 0.098 ± 0.005 
HOMBURG 0.110 ± 0.002 
FMA_SMALL 0.127 ± 0.002 
IRMAS 0.195 ± 0.007 
MER500 0.177 ± 0.026 
emoMusic 0.127 ± 0.004 
Soundtracks 0.112 ± 0.003 
emotifymusic 0.224 ± 0.018 
ballroom 0.122 ± 0.005 
SeyerlehnerUnique 0.095 ± 0.004
MIREX-like_mood 0.037 ± 0.002
Medley-solos 0.122 ± 0.004 
CAL500_emotion 0.262 ± 0.009
CAL500_ins_voc 0.187 ± 0.010 
ISMIR04 0.124 ± 0.019 
good-sounds 0.077 ± 0.008 
MICM 0.142 ± 0.000 
Tropical Genres 0.170 ± 0.027 
PCMIR 0.101 ± 0.063 
extendedBallroom 0.060 ± 0.004 
giantsteps_genre 0.057 ± 0.006 
giantsteps_key 0.058 ± 0.004 
MagnaTagATune_emotion 0.011 ± 0.000 
MagnaTagATune_genre
MagnaTagATune_instrument
MagnaTagATune_tempo 0.039 ± 0.001 
GMD 0.037 ± 0.017 
CAL500_genre 0.153 ± 0.009 
FMA_MEDIUM 0.067 ± 0.004 



DEAM
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Panwar, S., Rad, P., Choo, K.-K. R., & Roopaei, M. (2018). Are you emotional or depressed? Learning about your emotional state from your music using machine learning. The Journal of Supercomputing. doi:10.1007/s11227-018-2499-y



GTZAN
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Tzanetakis, G., & Cook, P. (2002). Musical genre classification of audio signals. IEEE Transactions on Speech and Audio Processing, 10(5), 293–302. doi:10.1109/tsa.2002.800560
Moerchen, F., Mierswa, I., & Ultsch, A. (2006). Understandable models Of music collections based on exhaustive feature generation with temporal statistics. Proceedings of the 12th ACM SIGKDD International Conference on Knowledge Discovery and Data Mining -
KDD ’06. doi:10.1145/1150402.1150523



HOMBURG
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Homburg, H., Mierswa, I., Moller, B., Morik, K. and Wurst, M. (2005). A BENCHMARK DATASET FOR AUDIO CLASSIFICATION AND CLUSTERING. ISMIR`05



FMA
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• Propose an 80/10/10% split into training, validation and test sets to make research on the FMA reproducible.
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Park, J., Lee, J., Park, J., Ha, J. & Nam, J. (2018). REPRESENTATION LEARNING OF MUSIC USING ARTIST LABELS. 19th International Society for Music Information Retrieval Conference (ISMIR)



IRMAS
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Goel, S., Pangasa, R., Dawn, S., & Arora, A. (2018). Audio Acoustic Features Based Tagging and Comparative Analysis of its Classifications. 2018 Eleventh International Conference on Contemporary Computing (IC3). doi:10.1109/ic3.2018.8530512
Pons, J., Slizovskaia, O., Gong, R., Gomez, E., & Serra, X. (2017). Timbre analysis of music audio signals with convolutional neural networks. 2017 25th European Signal Processing Conference (EUSIPCO). doi:10.23919/eusipco.2017.8081710



MER500
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Makarand Velankar and Parag Kulkarni. (20198). MUSIC EMOTION RECOGNITION FOR INDIAN FILM MUSIC. ISMIR 2019.



emoMusic
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Soleymani, M., Caro, M. N., Schmidt, E. M., Sha, C.-Y., & Yang, Y.-H. (2013). 1000 songs for emotional analysis of music. Proceedings of the 2nd ACM International Workshop on Crowdsourcing for Multimedia - CrowdMM ’13. doi:10.1145/2506364.2506365



Soundtracks
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• The ratings in the dataset range from 1 to 7.83 and were scaled by a factor of 0.1 before being used for our experiments. 

• 10 runs with randomly selected train-test 80:20 splits
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Chowdhury, S., Vall, A., Haunschmid, V. &  Widmer, G. (2019). TOWARDS EXPLAINABLE MUSIC EMOTION RECOGNITION: THE ROUTE VIA MID-LEVEL FEATURES. International Society for Music Information Retrieval Conference 2019
Bilal, M. and Aydilek, I.  (2019) Music Emotion Recognition by Using Chroma Spectrogram and Deep Visual Features. International Journal of Computational Intelligence Systems 2019



emotifymusic
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• Emotify, is different from MoodSwings in several respects: it uses a categorical emotional model, it collects data on 

induced (not perceived) emotion, and the measurements are discrete rather than continuous.

• In the Emotify dataset, lyrics are not comprised in the dataset and this is certainly a limiting factor in consideration of 

scenarios where lyrics are available for the music
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Paolizzo, F., Pichierri, N., Casali, D., Giardino, D., Matta, M. & Giovanni Costantini. (2019). Multilabel Automated Recognition of Emotions Induced Through Music.. Marie Sklodowska-Curie Actions Individual Fellowships Global Fellowships (MSCA-IF-GF) of the Horizon 2020



Ballroom
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Classification accuracy (%) on Ballroom dataset is compared across recently proposed methods

Precision (%), recall rate (%) and F-score(%) of each genre obtained on the Ballroom dataset

Liu, C., Feng, L., Liu, G., Wang, H. & Liu, S. (2020). Bottom-up broadcast neural network for music genre classification . Multimedia Tools and Applications



Extended ballroom
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Classification accuracy (%) on Extended Ballroom dataset is compared across recently proposed methods

Precision (%), recall rate (%) and F-score of each genre obtained on the Extend Ballroom dataset

Liu, C., Feng, L., Liu, G., Wang, H. & Liu, S. (2020). Bottom-up broadcast neural network for music genre classification . Multimedia Tools and Applications



SeyerlehnerUnique
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Hamel, P., Davies, M., Yoshii, K. & Goto, M. (2013). TRANSFER LEARNING IN MIR: SHARING LEARNED LATENT REPRESENTATIONS FOR MUSIC AUDIO CLASSIFICATION AND SIMILARITY . ISMIR 2013



MIREX-like_mood
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Panda, R., Malheiro, R., Rocha, B., liveira, A. & Paiva, R. (2013). Multi-Modal Music Emotion Recognition: A New Dataset, Methodology and Comparative Analysis. CMMR’2013



Medley-solos
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Panwar, S., Rad, P., Choo, K.-K. R., & Roopaei, M. (2018). Are you emotional or depressed? Learning about your emotional state from your music using machine learning. The Journal of Supercomputing. doi:10.1007/s11227-018-2499-y



CAL500
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Wang, S.-Y., Wang, J.-C., Yang, Y.-H., & Wang, H.-M. (2014). Towards time-varying music auto-tagging based on CAL500 expansion. 2014 IEEE International Conference on Multimedia and Expo (ICME). doi:10.1109/icme.2014.6890290
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Moerchen, F., Mierswa, I., & Ultsch, A. (2006). Understandable models Of music collections based on exhaustive feature generation with temporal statistics. Proceedings of the 12th ACM SIGKDD International Conference on Knowledge Discovery and Data Mining -
KDD ’06. doi:10.1145/1150402.1150523



Good-sounds
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Eric Guizzo, Tillman Weyde, & Giacomo Tarroni . (2020). Anti-Transfer Learning for Task Invariance in Convolutional Neural Networks for Speech Processing. Neural Networks Journal



MICM
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• 10generated music samples (five violin and five straw samples) are given to ten musicians randomly to rate the quality of 

the generated samples and the overall result was 76.5%.
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Azar, S., Malekzadeh, S., Ahmadi, A. & Samami, M. (20198). Instrument-Independent Dastgah Recognition of Iranian Classical Music Using AzarNet. 27th Iranian Conference on Electrical Engineering (ICEE 2019)



PCMIR
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Mousavi, S. M. H., Prasath, V. B. S., & Mousavi, S. M. H. (2019). Persian Classical Music Instrument Recognition (PCMIR) Using a Novel Persian Music Database. 2019 9th International Conference on Computer and Knowledge Engineering 
(ICCKE). doi:10.1109/iccke48569.2019.8965166



giantsteps
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Hendrik Schreiber & Meinard Muller. (2017). A POST-PROCESSING PROCEDURE FOR IMPROVING MUSIC TEMPO ESTIMATES USING SUPERVISED LEARNING. ISMIR 2017



MagnaTagATune
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Pons, J., Slizovskaia, O., Gong, R., Gomez, E., & Serra, X. (2017). Timbre analysis of music audio signals with convolutional neural networks. 2017 25th European Signal Processing Conference (EUSIPCO). doi:10.23919/eusipco.2017.8081710
Keunwoo Choi, Gyorgy Fazekas, Mark Sandler. (2016) AUTOMATIC TAGGING USING DEEP CONVOLUTIONAL NEURAL NETWORKS. ISMIR 2016



GMD
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• Since the metronome provides a standard measurement of where the musical beats and subdivisions lie in time, we can 

deterministically quantize all notes to the nearest musical division, yielding a musical score. Recording to a metronome also allows 

us to take advantage of the prior structure of music by modeling relative note times (quarter note, eighth note, etc.) so as to free 

models from the burden of learning the concept of tempo from scratch. The main drawback of the metronome is that we enforce a

consistent tempo within each individual performance (though not across performances) so we do not capture the way in which 

drummers might naturally change tempo as they play.
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Gillick, J., Roberts, A., Engel, J., Eck, D. & Bamman, D. (2019). Learning to Groove with Inverse Sequence Transformations. Proceedings of the 36th International Conference on Machine Learning


