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1. MOTIVATION il 2. PROPOSED MODEL

Fully-connected

Music genre classification is an important problem in MIR

Mel-spectrogram Couvelution LSTM or BILSTM

Mel-spectrogram Convolution + max-pooling i -
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e Task usually performed with deep networks (Nam et al, 2019; Won I il ; _
iy H K

et al, 2020) k- = CRNN, BICRNN: 427,274 and 460,938
| = trainable parameters, respectively

v-kernel, v-kernel-L2: 179,538 trainable [;arameters

e Our proposal: “Shallow” networks for music genre classification

b)
o Architecture tailored to leverage the data structure to perform this : T Rt e
task e Four novel architectures MR
o Two CNNs with vertical Kernels o] PRiEsEatd
: : B %) v R
e Study the behavior of fully convolutional models on music signals by m With or W'thO_Ut L, | o] e RMRMILN
treating the mel-spectrogram as an image © Two CRNNSs with vertical vernels "z mmrea

m LSTM or BILSTM

e Study the behavior of fully convolutional models for temporal feature recurrent layers .
extraction of music signals and using recurrent networks for music e L, normalization i ;“"““"‘"“q e \,
genre classification o Normalization of the outputs of .| = e i" L ¢
fully connected layers & "j N | S
R rch questions: - sicdiad |5, pd
¢ Research q : o Induces a coordinate change NI T
o How simple neural networks perform against deep networks when (projection on unit sphere not B e DY P I
exploiting the structure of the spectrogram? centered at the origin) a) Neural network with the inputs and trainable
o What are the effects of L, normalization on the networks? parameters; b) Training set and its two
o _ _ o _ classes; c) Training set after passing through
o Does training with pitch shift in the dataset Improve performance? h h—C | the hidden layer of the neural network with
' ' ' Qpu— C sigmoid activation function; d) Training set
o Does_ r.nod_els pretrained on sllmplle datagets improve the Pro) ‘ |h— C| |2 | o pasuing threugh the. hiddan layor of the
classification power when doing fine tuning? neural network with sigmoid activation function

and L2 normalization.

3. RESULTS
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_ Classification and Tagging:
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10 sgcond _S|gnals_. (This set will b_e referred to as C) impact the accuracy of the models o 41_21 29(3)19
o Semitone pitch shift to C, generating the set C__ o Our results indicates that the L, normalization ’ |
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(Won et al, 2020).

e Perform inference on the machine available for free on Google™ Colab, which allows for real-time
classification and also for the evaluation of the “evolution” of its estimated musical genre. The inference takes @C APES
1 to 3 seconds for a signal with 5 minutes of duration.
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