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Configuration Manual

Jonathan Mendes
x18179584

1 Introduction

The configuration manual consists of the steps and the procedure used to implement the
research titled, ’Deep Learning Techniques for Music Genre Classification and Building a
Music Recommendation System’. Detailed information on the system specifications, en-
vironment, data source, data extraction, and cleaning, pre-processing, and data modeling
techniques are mentioned in this document. The various libraries and packages used in
the code are listed.

2 Environment Specifications

The data extraction, cleaning, pre-processing and exploratory data analysis are carried
out on a 64-bit Windows Operating System. The hardware and software configurations
are listed below:

2.1 Hardware

• Processor: AMD Ryzen 5 3550H with Radeon Vega Mobile Gfx, 2100 Mhz

• RAM: 8 GB

• System Type: Windows 10 OS, 64-bit

• GPU: NVIDIA GeForce GTX 1650, 4GB

• Storage: 512 GB SSD

2.2 Software

• Microsoft Excel for Office 365 MSO (16.0.12527.20880) 64-bit: The metadata track
file of the audio files are stored in the CSV (comma separated values) format

• Anaconda Distribution-Jupyter Notebook: The data extraction, cleaning, pre-processing
and exploratory data analysis is carried out using python (version 3.7.3) on Jupyter
Notebook (version 6.0.0)

• Google Colaboratory Pro: The neural network classification models, recommenda-
tion model, and evaluations are carried out on Google Colaboratory Pro because of
the higher GPU requirement. A Google Colaboratory Pro account needs to be got.
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Following packages and libraries have been used in this research:

• import pandas as pd - library used for manipulations and data calculations.

• import numpy as np - library used for carrying out mathematical functions

• import cv2 - library designed to resolve computer vision issues

• import io - to provide stream handling with Python interfaces

• import librosa - package for audio and music analysis

• import matplotlib.pyplot - a collection of functions to make matplotlib function like
MATLAB

• import os - to move folders, remove folders, create folders and change the working
directory

• from PIL import Image- a library that adds support for saving, manipulating and
opening various image file formats

• import re - library for regular expression

• from tqdm import tqdm - to enable a smart progress meter for loops

• import warnings - module to warn about changes in library or language features

• import logging - module for logging

• from collections import defaultdict, Counter - containers to store data collections

• import sys - to access the functions and others defined inside the module utilizing
the module name

• import tensorflow - a library that uses data flow graphs to develop models

• from tensorflow.keras.models import Model, load model

• from tensorflow.keras import optimizers

• import time - to handle various time operations

• import random - to use random() functions from this package

• from sklearn.model selection import train test split - library to shuffle and split the
data

• from tensorflow.keras.callbacks import ModelCheckpoint

• from tensorflow.keras.utils import plot model, to categorical

• from tensorflow.keras.models import Sequential

• from tensorflow.keras import initializers
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• from tensorflow.keras.layers import AveragePooling2D, Conv2D, Conv3D, Batch-
Normalization, Flatten, Dense, Dropout, Input, Reshape, Permute, LSTM, TimeDis-
tributed, Bidirectional

• from keras import backend - library to provide building blocks of a high-level for
developing deep learning systems

3 Data Collection

The data is collected from the Free Music Archive (FMA) dataset present at https://

github.com/mdeff/fma (Defferrard et al.; 2016). The fma small zip file is used containing
the 8000 audio tracks of 30 seconds each in the mp3 format. There are 8 balanced genres
of rock, pop, hip-hop, instrumental, electronic, international, folk. The genre details for
the audio tracks is obtained from the track metadata file in the CSV format.

4 Exploratory Data Analysis

The track metadata in the CSV format and the 8000 audio tracks are used for the
exploratory data analysis. Figure 1 displays the track metadata in a data frame in
Python.

Figure 1: Track metadata
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The unwanted columns are removed from the dataframe and the updated data frame
is as seen in Figure 2.

Figure 2: Required Columns

The genre distribution of the dataset is balanced as seen in Figure 3. The 8 genres
of rock, pop, hip-hop, electronic, international, folk, instrumental and experimental have
1000 songs each.

Figure 3: Balanced Dataset

The Mel-spectrograms for the 8 genres are seen in Figure 4 using the Librosa Python
library.
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Figure 4: Mel-spectrograms for the 8 genres

Below is the Python code snippet to generate the Mel-spectrogram

def generate spect rogram ( track id , genre ) :
f i l ename = fe t ch aud i o pa th ( aud io d i r , t r a c k id )
y , s r = l i b r o s a . load ( f i l ename )
p r i n t ( l en ( y ) , s r )
spe c t ro = l i b r o s a . f e a t u r e . melspectrogram ( y = y , s r = sr ,

n f f t = 2048 , hop length = 1024)
spec t ro = l i b r o s a . power to db ( spectro , r e f = np . max)
p r i n t ( spec t r o . shape , genre )
p l t . f i g u r e ( f i g s i z e = (10 , 4 ) )
l i b r o s a . d i sp l ay . specshow ( spectro , y a x i s = ’ mel ’ ,

fmax = 8000 , x a x i s = ’ time ’ )
p l t . c o l o rba r ( format = ’%+2.0 f dB ’ )
p l t . t i t l e ( s t r ( genre ) )
p l t . show ( )

f o r idx , row in grouped df . i t e r r o w s ( ) :
t r a c k i d = i n t ( row [ ’ t r a ck id ’ ] )
genre = row [ ( ’ track ’ , ’ genre top ’ ) ]
generate spect rogram ( track id , genre )
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5 Preprocessing

Below is the code snippet for the Mel-spectrogram feature extraction and cleaning pro-
cess.

de f mp3 to n s l i c e np ( f i l e p a t h ) :
”””
Function to convert .mp3 f i l e to 10 s l i c e mel spectrogram
”””
y , s r = l i b r o s a . load ( f i l e p a t h )

#Load mp3 f i l e
melspectrogram array = l i b r o s a . f e a t u r e . melspectrogram ( y=y ,

s r=sr , n mels =128 , fmax=8000)

#r a i s e to db va lue s
mel = l i b r o s a . power to db ( melspectrogram array )

#Covert mel va lue s to image and s l i c e i n to 10 par t s
p l t . rcParams [ ’ f i g u r e . dpi ’ ] = 100
f i g s i z e = p l t . rcParams [ ” f i g u r e . f i g s i z e ” ]
f i g s i z e [ 0 ] = f l o a t ( mel . shape [ 1 ] ) / f l o a t (100)
f i g s i z e [ 1 ] = f l o a t ( mel . shape [ 0 ] ) / f l o a t (100)
p l t . rcParams [ ” f i g u r e . f i g s i z e ” ] = f i g s i z e
p l t . a x i s ( ’ o f f ’ )
p l t . axes ( [ 0 . , 0 . , 1 . , 1 . 0 ] , frameon=False , x t i c k s =[ ] ,

y t i c k s = [ ] )
l i b r o s a . d i sp l ay . specshow ( mel , cmap=’ gray r ’ )
buf = i o . BytesIO ( )
p l t . s a v e f i g ( buf , bbox inches=None , pad inches =0,

format=”jpg ”)
p l t . c l f ( )
p l t . c l o s e ( )

buf . seek (0 )
img array = np . asar ray ( bytearray ( buf . read ( ) ) )
img co l = cv2 . imdecode ( img array , cv2 .IMREAD UNCHANGED)
img gray = cv2 . cvtColor ( img col , cv2 .COLOR BGR2GRAY)
buf . f l u s h ( )
buf . c l o s e ( )

num s l i c e s = i n t ( img gray . shape [ 1 ] / 1 2 8 )
img gray = img gray [ : , : ( num s l i c e s ∗128) ]
s p l i t s p e c t r u m = np . h s p l i t ( img gray , num s l i c e s )

re turn sp l i t spec t rum , num s l i c e s
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Below is the code snippet for splitting of the NumPy array into test and train. The test
data consists of 500 audio tracks to be used for the recommendation model evaluation.

X tes t = np . array (X[ s t a r t : stop ] )
y t e s t = np . array ( y [ s t a r t : stop ] )
name test = np . array (name [ s t a r t : stop ] )

X tra in par1 = np . array (X [ : s t a r t ] )
X tra in par2 = np . array (X[ stop : ] )
y t r a i n p a r 1 = np . array ( y [ : s t a r t ] )
y t r a i n p a r 2 = np . array ( y [ stop : ] )
name tra in par1 = np . array (name [ : s t a r t ] )
name tra in par2 = np . array (name [ stop : ] )

X tra in = np . concatenate ( [ X tra in par1 , X tra in par2 ] )
y t r a i n = np . concatenate ( [ y t ra in pa r1 , y t r a i n p a r 2 ] )
name train = np . concatenate ( [ name train par1 , name tra in par2 ] )

i f not os . path . e x i s t s ( ” . / t r a i n ” ) :
os . mkdir ( ” . / t r a i n ”)

np . save ( ” . / t r a i n / f e a t u r e s . npy ” , X tra in )
np . save ( ” . / t r a i n / c l a s s e s . npy ” , y t r a i n )
np . save ( ” . / t r a i n /names . npy ” , name train )

i f not os . path . e x i s t s ( ” . / t e s t ” ) :
os . mkdir ( ” . / t e s t ”)

np . save ( ” . / t e s t / f e a t u r e s . npy ” , X tes t )
np . save ( ” . / t e s t / c l a s s e s . npy ” , y t e s t )
np . save ( ” . / t e s t /names . npy ” , name test )

6 Neural Network Classification Models

Three neural network classification models are used to classify the genre and for feature
engineering. The three model Python codes and their corresponding architectures are
listed below.

6.1 Convolutional Neural Network

Below is the code snippet for the Convolutional Neural Network model

cnn = Sequent i a l (name=”CNN”)
cnn . add (Conv2D( f i l t e r s =64, k e r n e l s i z e =[7 , 7 ] ,

k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal (
seed =1) , a c t i v a t i o n=”r e l u ” ) ) # Dim = (122 x122x64 )

cnn . add ( BatchNormal izat ion ( ) )
cnn . add ( AveragePooling2D ( p o o l s i z e =[2 , 2 ] , s t r i d e s =2))

# Dim = (61 x61x64 )
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cnn . add (Conv2D( f i l t e r s =128 , k e r n e l s i z e =[7 , 7 ] , s t r i d e s =2,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1) ,
a c t i v a t i o n=”r e l u ” ) ) # Dim = (28 x28x128 )

cnn . add ( BatchNormal izat ion ( ) )
cnn . add ( AveragePooling2D ( p o o l s i z e =[2 , 2 ] , s t r i d e s =2))

# Dim = (14 x14x128 )

cnn . add (Conv2D( f i l t e r s =256 , k e r n e l s i z e =[3 , 3 ] ,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal (
seed =1) , a c t i v a t i o n=”r e l u ” ) ) # Dim = (12 x12x256 )

cnn . add ( BatchNormal izat ion ( ) )
cnn . add ( AveragePooling2D ( p o o l s i z e =[2 , 2 ] , s t r i d e s =2))

# Dim = (6 x6x256 )

cnn . add (Conv2D( f i l t e r s =512 , k e r n e l s i z e =[3 , 3 ] ,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal (
seed =1) , a c t i v a t i o n=”r e l u ” ) ) # Dim = (4 x4x512 )

cnn . add ( BatchNormal izat ion ( ) )
cnn . add ( AveragePooling2D ( p o o l s i z e =[2 , 2 ] , s t r i d e s =2))

# Dim = (2 x2x512 )

cnn . add ( BatchNormal izat ion ( ) )
cnn . add ( Flat ten ( ) ) # Dim = (2048)

cnn . add ( BatchNormal izat ion ( ) )
cnn . add ( Dropout ( 0 . 6 ) )

cnn . add ( Dense (1024 , a c t i v a t i o n=”r e l u ” ,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1)))

# Dim = (1024)
cnn . add ( Dropout ( 0 . 5 ) )

cnn . add ( Dense (256 , a c t i v a t i o n=”r e l u ” ,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1)))

# Dim = (256)
cnn . add ( Dropout ( 0 . 2 5 ) )

cnn . add ( Dense (64 , a c t i v a t i o n=”r e l u ” ,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1)))

# Dim = (64)

cnn . add ( Dense (32 , a c t i v a t i o n=”r e l u ” ,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1)))

# Dim = (32 ) )

cnn . add ( Dense (8 , a c t i v a t i o n=”softmax ” ,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1)))
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Below is the Convolutional Neural Network architecture

Train ing CNN. . .
Model : ” s e q u e n t i a l ”

Layer ( type ) Output Shape Param #
===============================================================
conv2d (Conv2D) (32 , 122 , 122 , 64) 3200

batch norma l i za t i on ( BatchNo (32 , 122 , 122 , 64) 256

average poo l ing2d ( AveragePo (32 , 61 , 61 , 64) 0

conv2d 1 (Conv2D) (32 , 28 , 28 , 128) 401536

batch norma l i za t i on 1 ( Batch (32 , 28 , 28 , 128) 512

ave rage poo l ing2d 1 ( Average (32 , 14 , 14 , 128) 0

conv2d 2 (Conv2D) (32 , 12 , 12 , 256) 295168

batch norma l i za t i on 2 ( Batch (32 , 12 , 12 , 256) 1024

ave rage poo l ing2d 2 ( Average (32 , 6 , 6 , 256) 0

conv2d 3 (Conv2D) (32 , 4 , 4 , 512) 1180160

batch norma l i za t i on 3 ( Batch (32 , 4 , 4 , 512) 2048

ave rage poo l ing2d 3 ( Average (32 , 2 , 2 , 512) 0

bat ch norma l i za t i on 4 ( Batch (32 , 2 , 2 , 512) 2048

f l a t t e n ( F lat ten ) (32 , 2048) 0

batch norma l i za t i on 5 ( Batch (32 , 2048) 8192

dropout ( Dropout ) (32 , 2048) 0

dense ( Dense ) (32 , 1024) 2098176

dropout 1 ( Dropout ) (32 , 1024) 0

dense 1 ( Dense ) (32 , 256) 262400

dropout 2 ( Dropout ) (32 , 256) 0

dense 2 ( Dense ) (32 , 64) 16448
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dense 3 ( Dense ) (32 , 32) 2080

dense 4 ( Dense ) (32 , 8) 264
===============================================================
Total params : 4 ,273 ,512
Tra inable params : 4 ,266 ,472
Non−t r a i n a b l e params : 7 ,040

6.2 Convolutional Neural Network with Long Short-Term Memory

Below is the code snippet for the Convolutional Neural Network with Long Short-Term
Memory model

cnn lstm = Sequent i a l (name=”CNNLSTM”)
cnn lstm . add (Conv2D( f i l t e r s =64, k e r n e l s i z e =[7 , 7 ] ,

k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal (
seed =1) , a c t i v a t i o n=”r e l u ” ) ) # Dim = (122 x122x64 )

cnn lstm . add ( BatchNormalizat ion ( ) )
cnn lstm . add ( AveragePooling2D ( p o o l s i z e =[2 , 2 ] , s t r i d e s =2))

# Dim = (61 x61x64 )

cnn lstm . add (Conv2D( f i l t e r s =128 , k e r n e l s i z e =[7 , 7 ] , s t r i d e s =2,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1) ,
a c t i v a t i o n=”r e l u ” ) ) # Dim = (28 x28x128 )

cnn lstm . add ( BatchNormalizat ion ( ) )
# Dim = (14 x14x128 )
cnn lstm . add ( AveragePooling2D ( p o o l s i z e =[2 , 2 ] , s t r i d e s =2))

cnn lstm . add (Conv2D( f i l t e r s =256 , k e r n e l s i z e =[3 , 3 ] ,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1) ,
a c t i v a t i o n=”r e l u ” ) ) # Dim = (12 x12x256 )

cnn lstm . add ( BatchNormalizat ion ( ) )
cnn lstm . add ( AveragePooling2D ( p o o l s i z e =[2 , 2 ] , s t r i d e s =2))

# Dim = (6 x6x256 )

cnn lstm . add (Conv2D( f i l t e r s =512 , k e r n e l s i z e =[3 , 3 ] ,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1) ,
a c t i v a t i o n=”r e l u ” ) ) # Dim = (4 x4x512 )

cnn lstm . add ( BatchNormalizat ion ( ) )
cnn lstm . add ( AveragePooling2D ( p o o l s i z e =[2 , 2 ] , s t r i d e s =2))

# Dim = (2 x2x512 )

cnn lstm . add ( BatchNormalizat ion ( ) )
cnn lstm . add ( Dropout ( 0 . 6 ) )

cnn lstm . add ( Reshape ( (512 , −1)))
cnn lstm . add ( Permute ( ( 2 , 1 ) ) )
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cnn lstm . add (LSTM(128 , r e tu rn s equence s=True ,
input shape =(128 , 128 , 1 ) ) )

cnn lstm . add (LSTM(128 , input shape =(128 , 128 , 1 ) ) )

cnn lstm . add ( Dense (1024 , a c t i v a t i o n=”r e l u ” ,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1)))

# Dim = (1024)
cnn lstm . add ( Dropout ( 0 . 5 ) )

cnn lstm . add ( Dense (256 , a c t i v a t i o n=”r e l u ” ,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1)))

# Dim = (256)
cnn lstm . add ( Dropout ( 0 . 2 5 ) )

cnn lstm . add ( Dense (64 , a c t i v a t i o n=”r e l u ” ,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1)))

# Dim = (64)
cnn lstm . add ( Dense (32 , a c t i v a t i o n=”r e l u ” ,

k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1)))
# Dim = (32)

cnn lstm . add ( Dense (8 , a c t i v a t i o n=”softmax ” ,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1)))

Below is the Convolutional Neural Network with Long Short-Term Memory architecture

Train ing CNNLSTM. . .
Model : ” s e q u e n t i a l 1 ”

Layer ( type ) Output Shape Param #
===============================================================
conv2d 4 (Conv2D) (32 , 122 , 122 , 64) 3200

batch norma l i za t i on 6 ( Batch (32 , 122 , 122 , 64) 256

ave rage poo l ing2d 4 ( Average (32 , 61 , 61 , 64) 0

conv2d 5 (Conv2D) (32 , 28 , 28 , 128) 401536

batch norma l i za t i on 7 ( Batch (32 , 28 , 28 , 128) 512

ave rage poo l ing2d 5 ( Average (32 , 14 , 14 , 128) 0

conv2d 6 (Conv2D) (32 , 12 , 12 , 256) 295168

batch norma l i za t i on 8 ( Batch (32 , 12 , 12 , 256) 1024

ave rage poo l ing2d 6 ( Average (32 , 6 , 6 , 256) 0

conv2d 7 (Conv2D) (32 , 4 , 4 , 512) 1180160

11



batch norma l i za t i on 9 ( Batch (32 , 4 , 4 , 512) 2048

ave rage poo l ing2d 7 ( Average (32 , 2 , 2 , 512) 0

batch norma l i za t i on 10 ( Batc (32 , 2 , 2 , 512) 2048

dropout 3 ( Dropout ) (32 , 2 , 2 , 512) 0

reshape ( Reshape ) (32 , 512 , 4) 0

permute ( Permute ) (32 , 4 , 512) 0

lstm (LSTM) (32 , 4 , 128) 328192

l s tm 1 (LSTM) (32 , 128) 131584

dense 5 ( Dense ) (32 , 1024) 132096

dropout 4 ( Dropout ) (32 , 1024) 0

dense 6 ( Dense ) (32 , 256) 262400

dropout 5 ( Dropout ) (32 , 256) 0

dense 7 ( Dense ) (32 , 64) 16448

dense 8 ( Dense ) (32 , 32) 2080

dense 9 ( Dense ) (32 , 8) 264
===============================================================
Total params : 2 ,759 ,016
Tra inable params : 2 ,756 ,072
Non−t r a i n a b l e params : 2 ,944

6.3 Convolutional Neural Network with Bidirectional Long Short-
Term Memory

Below is the code snippet for the Convolutional Neural Network with Bidirectional Long
Short-Term Memory model

cnn b i l s tm = Sequent i a l (name=”CNNBiLSTM”)
cnn b i l s tm . add (Conv2D( f i l t e r s =64, k e r n e l s i z e =[7 , 7 ] ,

k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1) ,
a c t i v a t i o n=”r e l u ” ) ) # Dim = (122 x122x64 )

cnn b i l s tm . add ( BatchNormalizat ion ( ) )
cnn b i l s tm . add ( AveragePooling2D (

p o o l s i z e =[2 , 2 ] , s t r i d e s =2)) # Dim = (61 x61x64 )
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cnn b i l s tm . add (Conv2D( f i l t e r s =128 , k e r n e l s i z e =[7 , 7 ] ,
s t r i d e s =2, k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal (
seed =1) , a c t i v a t i o n=”r e l u ” ) ) # Dim = (28 x28x128 )

cnn b i l s tm . add ( BatchNormalizat ion ( ) )
cnn b i l s tm . add ( AveragePooling2D (

p o o l s i z e =[2 , 2 ] , s t r i d e s =2)) # Dim = (14 x14x128 )

cnn b i l s tm . add (Conv2D( f i l t e r s =256 , k e r n e l s i z e =[3 , 3 ] ,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1) ,
a c t i v a t i o n=”r e l u ” ) ) # Dim = (12 x12x256 )

cnn b i l s tm . add ( BatchNormalizat ion ( ) )
cnn b i l s tm . add ( AveragePooling2D (

p o o l s i z e =[2 , 2 ] , s t r i d e s =2)) # Dim = (6 x6x256 )

cnn b i l s tm . add (Conv2D( f i l t e r s =512 , k e r n e l s i z e =[3 , 3 ] ,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1) ,
a c t i v a t i o n=”r e l u ” ) ) # Dim = (4 x4x512 )

cnn b i l s tm . add ( BatchNormalizat ion ( ) )
cnn b i l s tm . add ( AveragePooling2D (

p o o l s i z e =[2 , 2 ] , s t r i d e s =2)) # Dim = (2 x2x512 )

cnn b i l s tm . add ( BatchNormalizat ion ( ) )
cnn b i l s tm . add ( Dropout ( 0 . 6 ) )

cnn b i l s tm . add ( Reshape ( (512 , −1)))
cnn b i l s tm . add ( Permute ( ( 2 , 1 ) ) )
cnn b i l s tm . add ( B i d i r e c t i o n a l (LSTM(128 ,

r e tu rn s equence s=True , input shape =(128 , 128 , 1 ) ) ) )
cnn b i l s tm . add (LSTM(128 , input shape =(128 , 128 , 1 ) ) )

cnn b i l s tm . add ( Dense (1024 , a c t i v a t i o n=”r e l u ” ,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1)))

# Dim = (1024)

cnn b i l s tm . add ( Dropout ( 0 . 5 ) )
cnn b i l s tm . add ( Dense (256 , a c t i v a t i o n=”r e l u ” ,

k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1)))
# Dim = (256)

cnn b i l s tm . add ( Dropout ( 0 . 2 5 ) )
cnn b i l s tm . add ( Dense (64 , a c t i v a t i o n=”r e l u ” ,

k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1)))
# Dim = (64)

cnn b i l s tm . add ( Dense (32 , a c t i v a t i o n=”r e l u ” ,
k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1)))

# Dim = (32)
cnn b i l s tm . add ( Dense (8 , a c t i v a t i o n=”softmax ” ,

k e r n e l i n i t i a l i z e r=i n i t i a l i z e r s . he normal ( seed =1)))
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Below is the Convolutional Neural Network with Bidirectional Long Short-Term Memory
architecture

Train ing CNNBiLSTM . . .
Model : ” s e q u e n t i a l 2 ”

Layer ( type ) Output Shape Param #
===============================================================
conv2d 8 (Conv2D) (32 , 122 , 122 , 64) 3200

batch norma l i za t i on 11 ( Batc (32 , 122 , 122 , 64) 256

ave rage poo l ing2d 8 ( Average (32 , 61 , 61 , 64) 0

conv2d 9 (Conv2D) (32 , 28 , 28 , 128) 401536

batch norma l i za t i on 12 ( Batc (32 , 28 , 28 , 128) 512

ave rage poo l ing2d 9 ( Average (32 , 14 , 14 , 128) 0

conv2d 10 (Conv2D) (32 , 12 , 12 , 256) 295168

batch norma l i za t i on 13 ( Batc (32 , 12 , 12 , 256) 1024

ave rage poo l ing2d 10 ( Averag (32 , 6 , 6 , 256) 0

conv2d 11 (Conv2D) (32 , 4 , 4 , 512) 1180160

batch norma l i za t i on 14 ( Batc (32 , 4 , 4 , 512) 2048

ave rage poo l ing2d 11 ( Averag (32 , 2 , 2 , 512) 0

batch norma l i za t i on 15 ( Batc (32 , 2 , 2 , 512) 2048

dropout 6 ( Dropout ) (32 , 2 , 2 , 512) 0

re shape 1 ( Reshape ) (32 , 512 , 4) 0

permute 1 ( Permute ) (32 , 4 , 512) 0

b i d i r e c t i o n a l ( B i d i r e c t i o n a l (32 , 4 , 256) 656384

l s tm 3 (LSTM) (32 , 128) 197120

dense 10 ( Dense ) (32 , 1024) 132096

dropout 7 ( Dropout ) (32 , 1024) 0

dense 11 ( Dense ) (32 , 256) 262400
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dropout 8 ( Dropout ) (32 , 256) 0

dense 12 ( Dense ) (32 , 64) 16448

dense 13 ( Dense ) (32 , 32) 2080

dense 14 ( Dense ) (32 , 8) 264
===============================================================
Total params : 3 ,152 ,744
Tra inable params : 3 ,149 ,800
Non−t r a i n a b l e params : 2 ,944

7 Recommendation Model

The content-based recommendation system is used with Cosine similarity. Following is
the Python code for building the model, the model’s genre accuracy, and the recommend-
ations for the anchor song.

7.1 Content-Based Recommendation Mode Code Snippet

Below is the code snippet for the recommendation model using Cosine Similarity

f o r model name , model path in best mode l s . i tems ( ) :

p r i n t ( f ” Current ly eva lua t ing the recommender eng ine us ing
{model name} model ”)

#load model f o r recommendation
loaded model = load model ( model path ,
cus tom objec t s=dependenc ies )
loaded model . s e t w e i g h t s ( loaded model . g e t we i gh t s ( ) )

#use the bot t l eneck l a y e r s as i t conta in s a l l the l a t e n t
f e a t u r e s o f each song
m a t r i x s i z e = loaded model . l a y e r s [ −2 ] . output . shape [ 1 ]
new model = Model ( loaded model . inputs ,
loaded model . l a y e r s [ −2 ] . output )

#Get the average accuracy o f genre recommendations per
genre
t e s t s o n g s = d e f a u l t d i c t ( i n i t d i c t )

#get l a t e n t f e a t u r e s from the bot t l eneck l a y e r f o r
each song
p r i n t (” Ca l cu l a t ing l a t e n t f e a t u r e s f o r each song . . . ” )
t o t a l = l en ( images )
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f o r image , name in tqdm( z ip ( images , names ) ,
t o t a l=to ta l , f i l e=sys . s tdout ) :

img reshaped = np . expand dims ( image , a x i s =0)
pred = new model . p r e d i c t ( img reshaped )
t e s t s o n g s [ name ] += pred

t e s t s o n g s s c a l e d = {k : v/10 f o r k , v in t e s t s o n g s . i tems ( )}

top k = [ 5 , 10 ] #no o f r e c
f o r k in top k :

genre based accuracy = d e f a u l t d i c t ( i n t )

#i t e r a t e through each song in the t e s t datase t and the
c o s i n e d i s t anc e from a l l songs and get k nea r e s t songs
p r i n t (” Obtaining recommendation accuracy f o r each
genre . . . ” )
f o r song , f e a t u r e s in tqdm( t e s t s o n g s s c a l e d . i tems ( ) ,
f i l e=sys . s tdout ) :

d i s t a n c e a r r a y = l i s t (map( lambda x :
c o s i n e s i m i l a r i t y ( f e a tu r e s , x ) ,
t e s t s o n g s s c a l e d . va lue s ( ) ) )
d i s t a n c e a r r a y w i t h s o n g s = l i s t ( z ip ( d i s t ance a r ray ,
t e s t s o n g s s c a l e d . keys ( ) ) )

#arranged in descending order
f i n a l a r r a y = sor t ed ( d i s t an c e a r r ay w i t h s on g s ,
key=lambda x : x [ 0 ] , r e v e r s e=True )

#get the genre o f the k nea r e s t songs and compare
with the genre o f the anchor song
g e n r e l i s t = l i s t ( )
f o r i in f i n a l a r r a y [ 0 : k +1] :

genre index = np . where ( names==i [ 1 ] ) [ 0 ]
g e n r e l i s t . append ( genres [ genre index ] [ 0 ] )

anchor genre = [ g e n r e l i s t [ 0 ] ] ∗ k
recom genre = g e n r e l i s t [ 1 : ]

accuracy = sum ( [ x==y f o r x , y in
z ip ( anchor genre , recom genre ) ] ) / k

#Add the accuracy to the l i s t
genre based accuracy [ g e n r e l i s t [ 0 ] ] += accuracy

#s c a l e the l i s t by count o f songs in each genre
genre based accuracy pe r c en tage =
{k : round ( ( ( v/ i n t ( a l l g e n r e c o u n t s . get ( k )/10 ) ) )∗100 , 2 )
f o r k , v in genre based accuracy . i tems ( )}
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pr in t ( f ”For {model name} the genre based accuracy f o r
top {k} recommendations are ”)
p r i n t ( genr e based accuracy pe r c en tage )

7.2 Recommendation Model Evaluation

Below is the recommendation model evaluation based on genre accuracy

Current ly eva lua t ing the recommender eng ine us ing CNN model
Ca l cu l a t ing l a t e n t f e a t u r e s f o r each song . . .
100% | | 5000/5000 [02 :38 <00 :00 , 31 .60 i t / s ]
Obtaining recommendation accuracy f o r each genre . . .
100% | | 500/500 [00 :05 <00 :00 , 97 .20 i t / s ]
For CNN the genre based accuracy f o r top 5
recommendations are
{ ’ I n t e r n a t i o n a l ’ : 97 . 52 , ’ Experimental ’ : 79 . 07 , ’Pop ’ : 77 . 35 ,
’ E l e c t ron i c ’ : 90 . 35 , ’ Hip−Hop ’ : 92 . 86 , ’ Folk ’ : 80 . 0 ,
’Rock ’ : 89 . 58 , ’ Instrumental ’ : 23 .33}
Obtaining recommendation accuracy f o r each genre . . .
100% | | 500/500 [00 :05 <00 :00 , 94 .11 i t / s ]
For CNN the genre based accuracy f o r top 10
recommendations are
{ ’ I n t e r n a t i o n a l ’ : 96 . 76 , ’ Experimental ’ : 78 . 6 , ’Pop ’ : 77 . 95 ,
’ E l e c t ron i c ’ : 91 . 18 , ’ Hip−Hop ’ : 92 . 68 , ’ Folk ’ : 76 .77 , ’ Rock ’ :
88 .12 , ’ Instrumental ’ : 18 .33}
Current ly eva lua t ing the recommender eng ine us ing CNNLSTM model
Ca l cu l a t ing l a t e n t f e a t u r e s f o r each song . . .
100% | | 5000/5000 [02 :38 <00 :00 , 31 .50 i t / s ]
Obtaining recommendation accuracy f o r each genre . . .
100% | | 500/500 [00 :05 <00 :00 , 96 .18 i t / s ]
For CNNLSTM the genre based accuracy f o r top 5
recommendations are
{ ’ I n t e r n a t i o n a l ’ : 99 . 05 , ’ Experimental ’ : 94 . 19 , ’Pop ’ : 92 . 29 ,
’ E l e c t ron i c ’ : 96 . 24 , ’ Hip−Hop ’ : 97 . 5 , ’ Folk ’ : 94 .19 ,
’Rock ’ : 96 . 25 , ’ Instrumental ’ : 83 .33}
Obtaining recommendation accuracy f o r each genre . . .
100% | | 500/500 [00 :05 <00 :00 , 93 .72 i t / s ]
For CNNLSTM the genre based accuracy f o r top 10
recommendations are
{ ’ I n t e r n a t i o n a l ’ : 98 . 76 , ’ Experimental ’ : 93 . 6 , ’Pop ’ : 90 . 72 ,
’ E l e c t ron i c ’ : 97 . 06 , ’ Hip−Hop ’ : 97 . 32 , ’ Folk ’ : 92 .26 ,
’Rock ’ : 96 . 67 , ’ Instrumental ’ : 48 .33}
Current ly eva lua t ing the recommender eng ine us ing CNNBiLSTM
model
Ca l cu l a t ing l a t e n t f e a t u r e s f o r each song . . .
100% | | 5000/5000 [02 :42 <00 :00 , 30 .83 i t / s ]
Obtaining recommendation accuracy f o r each genre . . .
100% | | 500/500 [00 :05 <00 :00 , 96 .03 i t / s ]
For CNNBiLSTM the genre based accuracy f o r top 5
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recommendations are
{ ’ I n t e r n a t i o n a l ’ : 99 . 24 , ’ Experimental ’ : 82 . 33 , ’Pop ’ : 91 . 08 ,
’ E l e c t ron i c ’ : 94 . 35 , ’ Hip−Hop ’ : 94 . 29 , ’ Folk ’ : 96 .77 ,
’Rock ’ : 95 . 42 , ’ Instrumental ’ : 46 .67}
Obtaining recommendation accuracy f o r each genre . . .
100% | | 500/500 [00 :05 <00 :00 , 94 .26 i t / s ]
For CNNBiLSTM the genre based accuracy f o r top 10
recommendations are
{ ’ I n t e r n a t i o n a l ’ : 99 . 43 , ’ Experimental ’ : 80 . 93 , ’Pop ’ : 90 . 24 ,
’ E l e c t ron i c ’ : 95 . 29 , ’ Hip−Hop ’ : 94 . 46 , ’ Folk ’ : 94 .52 ,
’Rock ’ : 94 . 58 , ’ Instrumental ’ : 35 .0}

7.3 Recommendations Based on Anchor Track Code Snippet

Below is the code snippet to recommend songs based on anchor track

p r i n t (∗np . unique ( names ) , sep=”\n”)
song = input (” Kindly s e l e c t a song from above : ”)
#load model f o r recommendation
loaded model = load model ( best mode l s [ ”CNNLSTM” ] ,

cus tom objec t s=dependenc ies )
loaded model . s e t w e i g h t s ( loaded model . g e t we i gh t s ( ) )

#use the bot t l eneck l a y e r s as i t conta in s a l l the l a t e n t
f e a t u r e s o f each song
m a t r i x s i z e = loaded model . l a y e r s [ −2 ] . output . shape [ 1 ]
new model = Model ( loaded model . inputs ,

loaded model . l a y e r s [ −2 ] . output )

#Get the average accuracy o f genre recommendations per genre
t e s t s o n g s = d e f a u l t d i c t ( i n i t d i c t )

p r i n t (” Ca l cu l a t ing l a t e n t f e a t u r e s f o r each song . . . ” )
t o t a l = l en ( images )
f o r image , name in tqdm( z ip ( images , names ) , t o t a l=to ta l ,

f i l e=sys . s tdout ) :
img reshaped = np . expand dims ( image , a x i s =0)
pred = new model . p r e d i c t ( img reshaped )
t e s t s o n g s [ name ] += pred

t e s t s o n g s s c a l e d = {k : v/10 f o r k , v in t e s t s o n g s . i tems ( )}

s o n g d i s t a n c e a r r a y = l i s t (map( lambda x :
c o s i n e s i m i l a r i t y ( t e s t s o n g s s c a l e d [ song ] , x ) ,
t e s t s o n g s s c a l e d . va lue s ( ) ) )

s o n g d i s t a n c e a r r a y w i t h s o n g s = l i s t ( z ip ( song d i s t ance a r ray ,
t e s t s o n g s s c a l e d . keys ( ) ) )

#arrange in descending order
probab l e songs = sor t ed ( s ong d i s t an c e a r r ay w i th so ng s ,
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key=lambda x : x [ 0 ] , r e v e r s e=True )

r ec no=i n t ( input (”How many recommendations would you l i k e : ” ) )
f o r song in probab l e songs [ 1 : r e c no +1] :

p r i n t ( song [ 1 ] )

7.4 5 Recommendations Based on Anchor Track

Figure 5: 5 Recommend Songs Based on Anchor Track

7.5 10 Recommendations Based on Anchor Track

Figure 6: 10 Recommend Songs Based on Anchor Track
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8 Code Implementation

The steps as seen in Figure 7 needs to be carried out to implement the code. The
workspace folder is present in the ICT document and these steps are also mentioned in a
readme.txt file attached with the workspace.

Figure 7: Detailed Steps for Code Implementation
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