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The best trained net performs at 90% test set accuracy and
91% dev set accuracy. The best trained net exhibits
variance, as the train set accuracy is 99%. This discrepancy
is likely due to having a small dataset as standard
regularization techniques only reduced performance.
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Overview CNN Model Architecture Discussion
The objective of this project is to create and train a deep - Square inputs of 128 frequencies x 128 time steps The model had the most difficulty classifying Country and
neural network to classify music into the following + Each convolution is a 2 x 2 filter with a stride of 2:1:2:1 for Rock (77% and 75% accuracy, respectively). It classified
categories: Classical, Jazz, Metal, Pop, Country, Blues, layers 1:2:3:4 Jazz and Classical easily (100% accuracy). From the t-SNE
Disco, Metal, Rock, Reggae and Hip-Hop. The inputs to the « Each maxpool is a 2 x 2 filter with a stride of 1 diagram, we see that Bayes’ error for classifying each genre
neural net are two dimensional Mel spectrograms of 3 « Initialization: Xavier may be different.
second long time domain audio signals. We used a CNN « Activation: Relu, except for the softmax layer S
architecture composed of 4 convolutional layers, 1 fully « Regularization: [_2 A= 0.019, BatchNorm g
connected layer, and 1 softmax layer containing 10 neurons + Loss: Categorical Cross Ent’ropy >
for each of the 10 different genre classes. We trained the « Optimizer: Adam a = 0.001 5
CNN using Adam optimization to minimize a categorical n
cross entropy loss function.
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Data and Preprocessing
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We collected 1,000 (100 of each genre) 30 second music files Dsx128x1 Z yilog i + (1 — yi) log(1 — i)
from the GZTAN open repository and preprocessed them into \_ " - - ° N & .
10,000 3 second long audio clips, and then converted these
clips into Mel spectrograms. We divided the data into the (
following sets: 95% train, 2.5% dev, and 2.5% test. Results Future Work

With more computational resources, we can expand dataset
to include over 100,000 songs from the FMA dataset as well
as attempt using larger CNN architectures. We may also try
using other inputs along with Mel-spectrograms, such as
linear predictive ceptra or MFCC'’s. Music genre style transfer
using standard neural style transfer and Griffin Lim algorithms
for spectrogram inversion is also a long-term goal.
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