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Abstract.

This research aims to evaluate the effectiveness and efficiency of different machine learning (ML) algorithms
in classifying music genres. In this paper, the ML algorithms that are considered include K-Nearest Neighbors
(kNN), Perceptron Learning Algorithm (PLA), Multilayer Perceptron (MLP), and AdaBoost. To classify
different genres of music, the ML algorithms use certain key features of music such as Beats Per Minute
(BPM), key, mode, and lyrics. By comparing the accuracy of the algorithms, the paper will provide insight
into the suitability of these algorithms for music genre classification tasks.
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1. Introduction. In recent years, more music media and playback platforms have started
to use content recommendation systems to attract users. The classification of genres of music is
an important part of this task. Meanwhile, with the rise of machine learning, there is a growing
interest in automating this process by using certain machine learning methods. However, the
performance of several basic ML algorithms in classifying music genres remains underexplored.
This research will investigate how well the kNN, Perceptron, MLP, and AdaBoost algorithms
perform when applied to a certain dataset that contains musical features and their genre. The
goal is to determine which machine learning algorithm is better suited for the classification of
music genres.

As mentioned above, music genre classification is a crucial task for music platforms to
improve their services. When it comes to a large amount of music, it becomes significantly
important to adopt a highly automated method to perform this task. With the advent of
machine learning in recent years, machine learning algorithms such as decision trees and
Support Vector Machine (SVM) were used in [7]. More recently, studies have applied models
such as the convolutional neural network (CNN) to the classification of music genres ([1] [3] [4])
and such models have been shown to have quite good efficiency ([2]). However, the accuracy
of neural networks has been limited when it comes to different libraries of music [6].

Compared to previous studies on CNN models and other algorithms, fewer studies have
focused on more simple algorithms such as kNN and Perceptron. This research will focus on
such algorithms, explore their performance, and then discuss if they can function as well as
other more complex models in music genre classification.

The goal of this research is as follows.

1. To compare the classification accuracy and computational efficiency of kNN, Percep-
tron, MLP, and AdaBoost when applied to music genre classification based on multiple
kinds of feature.

2. To find the most suitable hyperparameters for certain algorithms, e.g., the value of k
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in the kNN algorithm and the width and depth of the MLP algorithm.
3. Identify key insights and recommendations for selecting the most suitable algorithm
for genre classification.
4. Analyze the importance of different features of music for genre classification and pro-
vide suggestions on feature selection.
The remainder of the paper is organized as follows. Section 2 details the dataset, Section
3 introduces the machine learning models utilized in this work; Section 4 presents the results
of the machine learning models; Section 5 contains further discussions on the results; we
concluded our work in Section 6 with some additional remarks.

2. Dataset.

2.1. Dataset Description. A dataset of music tracks labeled with their respective genres
(e.g., pop, rock, classical) was used. The dataset is downloaded from Kaggle
(www.kaggle.com/datasets/vicsuperman/prediction-of-music-genre). It contains 50000 music
samples (including corrupted data, which was removed). Each sample has 17 features and one
genre (label).

The 17 features in the dataset are: instance id, artist name, track name, popularity,
acousticness, danceability, duration (ms), energy, instrumentalness, key, liveness, loudness,
mode, speechiness, tempo, obtained date, and valence. A short definition of each feature of
the dataset is given in Table 1. Before further processing, the instance id and obtained date
features are removed from the dataset, as they do not exhibit any meaningful association with
the musical genre labels. The remaining 15 features are then subjected to preprocessing and
utilized for model training.

In this investigation, 10 different music genres are taken into account. They are Alterna-
tive, Anime, Blues, Classical, Country, Electronic, Hip-Hop, Jazz, Rap, and Rock.

Some examples chosen from the dataset are shown in Table 2. Note that only some of the
features (shown in columns) are listed.

2.2. Data Preprocessing. Before preprocessing, the samples with corrupted data in the
original set are removed. Corrupted data are defined as observations that contain anomalies,
missing values, or implausible entries (e.g., numerical values marked as “?” or NaN, as well
as negative durations). After this process, the size of the dataset was reduced to 40560.

2.2.1. Categorical Feature Encoding. Each sample in the dataset has 11 numerical fea-
tures and 4 categorical features. Categorical features cannot be directly recognized by most
machine learning models, so we need to convert them into numerical features by the encoding
method.

In this paper, we use both Label Encoding and One-Hot Encoding to encode categorical
features. An example is given in Table 3 to show the difference in the process between Label
Encoding and One-Hot Encoding.

The basis of choosing between these two encoding methods is based on the number of
categories of the feature and whether the feature contains comparable number information.
One-hot Encoding will expand one categorical feature (with M categories) into M numerical
features (with attributes 0 or 1), while Label Encoding will not expand the original feature
number. Therefore, in order to avoid having too many features for training, only features
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Table 1: Definition of features in the original dataset

Feature Name Description Type
instance id' The unique ID for each sample Numeric
artist name Name of the singer(s)/artist(s) Categorical
track name Name of the song itself Categorical
popularity Measurement of sample’s relative popularity Numeric
acousticness Measurement of to what extent the sample is acoustic Numeric
danceability Measurement of how danceable the sample is Numeric
duration (ms) Length of the sample Numeric
energy Measurement of how energetic the sample is Numeric
instrumentalness The proportion of instrumental accompaniment Numeric
key Sample’s key name Categorical
liveness Measurement of sample’s relative liveness Numeric
loudness Sample’s standard loudness in LUFS? Numeric
mode Sample’s mode name Categorical
speechiness The proportion of lyrics in the sample Numeric
tempo Sample’s tempo in BPM3 Numeric
obtained datel The date when the sample is included in the dataset ~ Categorical
valence The measurement of the valence of the sample Numeric

! Not used for training.
2 LUFS (Loudness Units Full Scale) is a standard for measuring perceived loudness in audio, designed to
reflect how the human ear perceives volume across different frequencies.
3 BPM (Beats Per Minute) is a unit of measurement that indicates the tempo of a piece of music,
representing the number of beats occurring in one minute.

Table 2: Example of some features in the original dataset

popularity | danceability | duration | key mode music genre
45 0.212 648827 | G# Major Jazz
30 0.345 257829 G Major Electronic
50 0.747 251588 | C# Minor Rap
54 0.675 274253 | D# Major Rock
57 0.667 241040 E Minor Hip-Hop
numerical feature categorical feature label

with a small number of categories will be considered to be encoded by One-Hot Encoding (the
number of categories of each categorical feature is shown in Table 4). For categorical features
with comparable magnitudes, Label Encoding assigns values from 1 to N (assuming that there
are N categories) after ordering them, thus preserving the relative order among categories.
In contrast, One-Hot Encoding cannot achieve this. Therefore, for features with comparable
numerical values, we will give priority to using Label Encoding.

For our dataset, artist name and track name were encoded by Label Encoding, while key
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Table 3: An example of Label and One-Hot encoding

Before After
Categorical | Label | One-Hot
A 1 1 0 0
B 2 0 1 0
C 3 0 0 1
A 1 1 0 0
C 3 0 0 1

and mode were encoded by One-Hot Encoding (see Table 4).

Table 4: Preprocessing categorical features

Feature Category number Encoding method Reason
artist name 6363 Label Too many categories
track name 34680 Label Too many categories
key 12 One-Hot Not ordered structure
mode 2 One-Hot Not ordered structure

After this process, the number of features in the dataset will increase to 27. The categorical
data will all become numerical data.

2.2.2. Normalization. The numerical features in the original dataset do not consistently
follow approximately normal distributions. Figure 1 illustrates several representative cases.
To improve data usability, normalization is applied prior to model training.

One commonly used method of normalization is Z-score normalization, defined by

(2.1) o ="

where 2’ is the normalized value, p is the average value, and o is the standard deviation.
However, it does not perform well on not normally distributed data (such as this dataset).
Therefore, we use the Min-Max normalization, which is defined by

(2.2) ! = :L“—imzn-’
max — min
where min and max represent the minimum and maximum values in the dataset, respectively.
This normalization method keeps the shape of the original distribution, while mapping
all the values to [0,1]. By doing this, we can maintain the space structure of the feature,
which may affect the performance of the kNN model, where we need to calculate the distance
between samples based on the value of the feature.
The mean value and standard deviation of all 11 numerical features after Min-Maz nor-
malization are shown in Figure 2.
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Figure 1: Original distribution of some numerical features in the dataset

2.2.3. Dataset Division. The dataset (of size 40560) was randomly divided into a training
set (of size 32448, 80% of the original size) and a testing set (of size 8112, 20% of the original
size).

Now, for simplicity of notation, assuming that we have N samples, i.e., a total of N music
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Box Plot of Normalized Features (Min-Max Normalization)

1.09 _E_ -T- o o

[eXe)

Normalized Value [0, 1]
¢ o o
Y [¢)]

Figure 2: Boxplot of numerical features after normalization

samples in the dataset, let @1,...,xxy € R™ (m is 27 in this case) denote the m-dimensional
vector of features of one certain music sample, and let y1,...,yn € {1,2,...,10} denote the
labels music_genre. For t € {1,2,..., N}, let g be the predicted value of y; by the machine
learning models discussed in the following sections.

2.3. Binary and Multi-class Labeling. Among the models used in this research, some
can handle only binary classification problems (e.g., Perceptron), and some can handle both
binary and multi-class classification problems (e.g., kKNN). Therefore, we will prepare two sets
of label data to train different models. One is the set of origin labels, with values ranging
from 1 to 10 since we have 10 classes in total, and a One-Hot version of the original set of
labels.

For models that can only solve binary classification problems, we will utilize 2 methods
enabling them to do multi-class classification tasks, which are One vs. All (OvA) and One
vs. One (OvO).

For the One vs. All (OvA) method, a total of P individual classifiers are trained, assuming
the existence of P distinct classes in the dataset. Each classifier is trained to determine whether
a given sample belongs to a specific class L;, where i € {1,..., P}. Concretely, each classifier
uses one column of the binary-encoded label matrix corresponding to the presence or absence
of class L; as its target output. Through this formulation, the original P-class classification
problem is decomposed into P independent binary classification tasks, each of which can be
effectively solved using the perceptron algorithm.

During the prediction stage, for each test data, all P models will give their scores (the
actual way of calculating the score depends on the model type) and generally the class repre-
sented by the model with the highest score will be the final decision.
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The One-vs-One (OvO) strategy addresses multi-class classification by decomposing it
into a series of binary classification tasks. In contrast to the One-vs-All (OvA) approach,
which constructs one classifier per class against all remaining classes, OvO trains a distinct
classifier for each possible pair of classes. Given P classes, this results in a total of @
binary classifiers. Each classifier F; ; is trained exclusively on the subset of data corresponding
to classes i and j, and its decision function assigns a test instance to either class i or class j.

When predicting the label of a certain test data, all w models shall vote for one out of
two classes represented by itself. Then the class with the most votes will be the final decision

on the label prediction.
3. Machine Learning Models.

3.1. kNN. The k-Nearest Neighbors (kNN) algorithm is a non-parametric, instance-based
learning method commonly used for classification tasks. Given a test data point, the algorithm
identifies the K number of closest data points from the train dataset in the feature space
(according to a certain distance metric, which will be discussed later in this section) and
assigns the label that occurs the most frequently among these neighbors. The kNN algorithm
has the ability to naturally perform multi-class classification tasks and serves as a widely
adopted baseline in classification research.

Since music genre prediction is a multi-class classification problem and the kNN model
can directly operate on multi-class datasets, it is intuitive to train a single kNN model on
the entire training set. In addition, we explore the use of One-vs-One (OvO) and One-vs-All
(OvA) schemes in combination with kNN as binary classifiers to investigate whether such
strategies can improve prediction accuracy.

Generally, the default value of K for the kNN model is approximately equal to v/ N, where
N is the size of the training dataset. Notating it as K, we have

(3.1) Ko =2x LL2\/NJ

I+
which ensures that K is odd. With N = 32448 we have Ky = 181.

However, the best choice of K may depend on different applications. To decide on the
best choice of K for this research, we started with some intuitive guesses and then discussed in
what range the value of K is that can improve the accuracy of the kNN model to the greatest
extent.

We make sure all Ks are odd, which guaranties that there will be no draw when the kNN
model predicts the binary label of the test data.

Four series of K values will be studied. As the value of N is 32448 and K is 181, the
ranges of K are:

e Small K (K € (1,30)): When K is small, the classifier relies on very few neighbors
to determine the label of a test sample. This can result in a highly flexible model that
can capture local variations, but is also prone to overfitting and noise sensitivity. (For
example, when K = 1, the prediction is entirely dependent on the nearest neighbor,
which can easily misclassify if the neighbor is an outlier)
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e Medium K (K € (30,300)): This range includes the heuristic choice K. Here, the
classifier balances between local detail and global stability. The model is expected
to generalize well, as the influence of individual noisy points diminishes while still
preserving enough locality to distinguish between classes.

e Large K (K € (300,3000)): With higher values of K, the prediction increasingly
reflects global patterns in the dataset rather than local neighborhoods. This reduces
variance, but may lead to underfitting, as subtle class boundaries are smoothed out.

e Extremely large K (K € (3000,30000)): Here, the classifier essentially considers
a substantial fraction of the training set for every prediction. As K approaches NV,
the algorithm tends toward always predicting the majority class, leading to severe
underfitting and poor performance in multi-class problems. This setting is primarily
of theoretical interest to illustrate the degeneration of kNN at very large K.

We decide on the scale of the value of K based on comparing with Ky, calculated by
(3.1). The average ratio % for the 4 different ranges from Small to Eztremely large are
approximately around 0.1, 1, 10 and 100 respectively. The purpose of doing this is to study
the proper order of magnitude of K, relative to V.

The research will first apply different K to the kNN multi-class classifier model and discuss
which ones (K on what scale) are the most suitable for this task. The performance of each K
is decided by its accuracy in predicting the testing dataset. In addition, OvA and OvO will
be tested in the selected K's and their performance will be compared.

Let M be the size of the testing dataset (8112 in this case), then for t € {1,..., M}, o} is
the current test sample which needs to be classified by the kNN model. What the model will
do is calculate the distance between x; and every data point in the training dataset.

There are three commonly used distance measures in the kNN algorithm: L;, L, and
Mahalanobis distance. Suppose that we have two samples x,y from the dataset and =,y €

R™ x=(x1,...,2m),y = (Y1, ., Ym); the distances between x and y are defined respectively
by
(3.2) Dp,(@,y) = |z — vl
i=1
(3.3) Di,(m,y) = | Y _(zi — y:)?
i=1
(3.4) Dygatai(@.y) = \/(x —4) TS Lz — y).

where ¥ is the covariance matrix of the dataset.

To show the difference in performance when using these three distances, we implement
three straightforward multi-class kNN variants and apply them to the dataset before and after
normalization, then compare their prediction accuracy.

For the remainder of this research, we use the distance formula with the best performance
in the previous stage (which turns out to be L; distance; see Section 4).

For each sample x} in the testing dataset, we calculate the distance between it and all
training samples and then find the K training samples that are closest to it (the K-nearest
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samples). The model then checks the labels of these K samples to decide the label of x}. For
a multi-class kNN model, we choose the majority label among the K-nearest samples as the
final decision. This process is shown in Algorithm 3.1.

Algorithm 3.1 kNN with OvA method

Define the value of K
Define the covariance matrix of the training data matrix as X.
for ©in 1 - M do
for jinl1l— N do
Calculate Dyt sa;

end for
Get the K nearest data points €, ..., &y, .
Find the majority among the labels of @y, ,...,xy,, notate as L;
Set ; to Ly,.
end for

Based on the algorithm introduced above, a series of K with promising accuracy will be
selected to be used in further studies on OvA and OvO.

In the OvA method, specifically, the score S; of a test data x} with respect to a class
L;,i € {1,..., P}, is defined by

~ Number of neighbors belong to L;
= i ’
and Ly with the highest score (k € {1,...,P}) will be considered as the most-likely music

genre of x}, so the model will set §; to L. This is used in the prediction stage of OvA method.
The performance of these different methods will be discussed in a later section.

Si

3.2. Perceptron. The Perceptron Learning Algorithm is one of the earliest supervised
learning algorithms for binary classification. It is a linear classifier that seeks to find a hyper-
plane that separates the data into two classes. Given a vector of features and a corresponding
label, the perceptron computes a weighted linear combination of features and applies a bias
to produce its prediction. The weight vector and bias are iteratively updated whenever a
misclassification occurs (see equations (3.6) and (3.7)). This simple update mechanism allows
the perceptron to progressively adjust its decision boundary to better separate the classes.

We have a total of 15 different features in this study. After the data preprocessing stage,
non-numeric features have been turned into numeric features by One-Hot encoding, thus in-
creasing the total number of the feature dimensions directly used in the model training stage.
In this study, as mentioned above, the number of features after preprocessing is 27 and is
denoted by S. We denote the k-th feature as fi, k € {1,...,S}. For a sample in the training
set x;,i € {1,...,N}, let fi;,5 € {1,..., 5} be the notation of the numeric value of the j-th
feature of x;. Similarly, f;,j € {1,...,S5} is the corresponding value of @} in the testing
dataset.

The perceptron model defines the weight vector @ and a bias b. The k-th value of wy, is
the weight of fi. Before the training stage, we set the value E of the epoch to 1000. The Sign

312



Y. LU

Function, sgn, is used as the activation function, and, correspondingly, the value of the label
matrix will be set to 1 or —1.

The Perceptron Learning Algorithm starts with a random guess of small values in the
weight vector w and bias b within a range of (—%, —i—%) For each training sample x; and its
corresponding label y;, the algorithm computes its prediction by the formula

(3.5) Ui = sgn(w - ;) + b.

If the prediction is not correct (that is, §; # v;), the weights and bias are updated by

(36) U_jnew = wold+yia:i

bnew = bold + Yi

This process is repeated through the training samples until either there are no misclassi-
fications or until the user specified value of epoch is reached.

The Algorithm 3.2 shows the whole process of the Perceptron Learning Algorithm applied
in this research.

Algorithm 3.2 Perceptron Learning Algorithm (ACC denotes the accuracy)

Define FE, i.e., the number of epochs.
fortinl1 — P do
foriinl1— F do
ACChaz =0
for 1 — N do
Update @; and b; by (3.6)-(3.7).
end for
Calculate AC'C; using current w; and b;.
if ACC; > ACC,,4r then
ACChar = ACC;
w = QUz and b = bi
end if
end for
foriinl1— M do
Calculate F; by (3.8).
end for
end for

It is apparent that only one Perceptron model can perform a binary classification task.
Therefore in this part of the study, the two different methods One vs. All (OvA) and One
vs. One (OvO) will be applied to break down the multi-classification task, similar to what we
have done with kNN model.

For OvA method, we define the score of a test point } in the testing dataset by
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(3.8) Fy = Z(wi < fri) = bi,

where w; and b; are defined by the current perceptron model. This score is used to decide the
predict label of the test point @; when using the OvA method. For the k-th model and the
test data point xj, let us denote its output by Fj,. After all outputs have been calculated,
define kg as the value of k that maximizes Fj, ; for each @} in the testing dataset. Then g, will
be set to Ly, .

The structure of the One vs. One (OvO) method is the same as the one introduced above.

Finally, we calculate the accuracy of the perceptron learning algorithm by comparing each
7; and y; for both OvA and OvO and compare between these two methods.

3.3. MLP. We applied a Multi-layer Perceptron (MLP) (or Artificial Neural Network
(ANN)) model in this research. To explore the suitable number of hidden layers, we will train
a series of fully connected neural network (FCANN) models with different number of hidden
layers. Models with depth 2, 3, 4, and 5 will be tested (with, respectively, 1, 2, 3 and 4 hidden
layers and 1 output layer). Apart from that, some different activation functions will also be
applied to our models, and their performance will be observed. We will also try a series of
different numbers of neurons for the hidden layer in the model with depth 2. The performance
of each model will be assessed later in the section.

To control variables, we set the default width of other models to be 20 (means 20 neurons
in each hidden layer) and set 10 neurons in the output layer (since we have 10 classes in total).
The default activation function for the hidden layer is ReLU. We use Softmaz as a transfer
function to the last layer in order to normalize the output. On top of that, we use mean square
error (MSE) as the loss function to assess the model’s performance, which will be discussed
in more detail later.

For each model, we use a 10-fold cross validation for validation checking during the training
stage. The model will stop training at the epoch when it fails to improve on the validation
set for 6 consecutive epochs.

We will take the depth model 2 as an example to explain the MLP algorithm. Let ng, (k =
1,2) be the number of neurons in the k-th layer.

Fori=1,...,ng, let hl(k) be the output of the i-th neuron in the k-th hidden layer and let

bz(k) be its bias. Denote the weights of z; (j = 1...,p) in the i-th neuron of the k-th hidden

k k k)T
layer by ng) gk = ( 1(1), e ,wz(p)) .
Assuming ¢ is the activation function of the layer, we have hl(k)

and let w;

being defined by

(3.9) h(k = (Zw b(k > = <P(£cTw§k)) + bgk).

For the depth model 2, a series of different activation functions will be adopted to the
hidden layer and their performance will be assessed. The following functions will be tested:
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e ReLU: ReLU(z) = max(0, x)
e Sigmoid: o(x) = ——=
e Tanh: tanh(z) = S=¢—
We do not modify the value in the input layer (first layer) and we use Softmax as the
activation function in the output layer (last layer).
The aim of the MLP algorithm is to solve an optimization problem, which in this case
is to minimize the error (also called loss) of the model. We calculate the error J using the
method known as mean square error (MSE), as mentioned above.

1 N
(3.10) = Z

The key of MLP is to find the relatively best weight choice to minimize .JJ. At the beginning
of the training process, wfj),z e {1,...,nk}, j € {1,...,p}, and k € {1,2} are randomly
initiated within a fixed range. Then in every iteration, where the maximum number of epochs
is set to 1000 in practice, the algorithm uses the Gradient Descent to update w(]) and check
if it performs well enough. Let n € (0,1) be the learning rate (set to 0.01 in practice), the

Gradient Descent method can be written as
(3.11) w® = wgk) —nV

(k)

where V_ ) J is derived by calculating the gradient of J with respect to w,” using Back
w:

Propagati(;n (BackProp). In practice, we use Levenberg-Marquardt backpropagation, which
uses first derivative approximation to the Hessian matrix to speed up the training progress,
since the MLP model in this research is relatively small (for devices to memorize first deriv-
atives). It is noted that cross entropy loss function is used mostly in classification problem
with neural networks. However, this loss function is more suitable in batch training such
as the stochastic gradient descent method. Higher-order optimization algorithms, such as
the Levenberg-Marquardt algorithm, which uses the Hessian matrix, are better suited for
quadratic loss function such as the MSE used in this paper [5].

After each update of wfj), we use cross validation to check if the current output performs
well enough. As we mentioned above, once the model passes the validation checks six times,
the algorithm will stop updating and save the current model.

The whole process of MLP adopted in this research is shown in Algorithm 3.3.

3.4. AdaBoost. We also try to build a decision forest based on Adaptive Boosting (Ad-
aBoost) to predict and classify music genre and assess its performance.

4. Results.
4.1. kNN.

4.1.1. Distance Measuring Methods. To show the difference between kNN using the
distance formulas (3.2) (3.3) and (3.4), we implemented these kNN models on the training
dataset and compared their prediction accuracy. We also compared models on data before and
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Algorithm 3.3 MLP algorithm with two hidden layers.

Define the set of activation functions F.
Define the maximal iteration 7.
Define the threshold of convergence e.
Define the learning rate n € (0,1).
Initiate wl(]’?) (0) randomly.
for ¢ in F do
for 7in1 — T do
e=0.
for kin 2 — 1, step by —1 do
for iin1 — n; do
Compute J using (3.10) with wl(f)(T —1) for k € {1,2}, j € {1,...,p}, 1 €
{1, ey nk}
for sinl — T do
Update 'wl(.k) (1 —1) by (3.11).
Update J by (3.10).
end for

wgk) (r) = wz(k) (r—1) - nvw(_k)(T_l)J.

e=e+ |w () = w (r = 1)].
end for
end for
end for
if e < ¢ then
wi(T) = wl(r), for k € {1,2}, j € {1,...,p}, i € {L....,ny}.
break
end if
end for

return wgf)(T), ke{l,2}, je{l,...,p}, i€ {1,...,ng} for each p € F.

after normalization to show how normalization affects model accuracy by affecting distance
calculating.

The k used in this step is set to kg = 181 defined by (3.1) where the size of the training
set is 32448. The results can be seen in Table 5.

Table 5: Performance of models with different distance measuring formulas

Accuracy (%)
Formula Not normalized | Normalized
Ly 74.51 68.17
Lo 68.66 57.15
Mahalanobis 57.52 57.52
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From the table, we can see that all models perform better on original data than normalized
data, regardless of the distance measurement formula. In addition, the kNN model using the
Ly distance has the best accuracy compared to the Lo and Mahalanobis distance. Therefore,
we will use L; distance for the rest of this section to train our kNN models. The reason for
this will be discussed in a later section.

4.1.2. Choices of K. In this paper, we apply a series of values of k on different scales and
observe the prediction accuracy of the models on the testing set. Models with higher accuracy
are considered to have better performance.

The accuracy of models with different values of k (Small, Medium, Large and Eztremely
Large, respectively) is shown in Figure 3. The value of k with the highest accuracy is depicted
in the figure.

KNN Accuracy vs k Value Analysis
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Figure 3: Accuracy of kNN models with different k& value. The z-axis of each subplot is the
value of k, the y-axis are accuracy, ranging from 0 to 1. Notice that the value range of the
y-axis may differ between each subplot.
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4.1.3. Binary and Multi-class kNN. From Figure 3 we can see that the value of &k in the
range of [5, 13] has the relatively highest accuracy. We choose K € {5,7,9,11, 13} to continue
our research on the comparison between straightforward multi-class classification kNN models
and binary classification kNN models with OvA and OvO.

The performance of these different types of kNN models’ is still assessed by their average
prediction accuracy in the testing dataset with the k value chosen above. The results are
shown in Table 6. The name of a straight-forward multi-class classification kNN model is
represented by MC' for short.

Table 6: Accuracy of different kNN model types

(%) Model type

K MC OvA OvO
) 83.27 83.26 83.28
7 83.36 83.37 83.25
9 83.33 83.36 83.01
11 83.27 83.28 82.92
15 83.28 83.25 82.80

avg. 83.30 83.30 83.05

4.2. Perceptron.

4.2.1. One vs. All Perceptron. First we use the OvA method to enable our Perceptron
models to solve multi-classification tasks in this paper, which means that a total of 10 models
are trained, each identifying a specific music genre. The accuracy of each model can be seen
in Table 7 and Figure 4. Note that the accuracy shown below is just the accuracy of a single
model regarding one label and does not represent the overall accuracy.

This indicates that Perceptron models work well in binary classification tasks (deciding
whether or not one test data point belongs to a certain class), achieving an average accuracy
of 92.73%.

However, in this paper, the average overall accuracy of the Perceptron Learning Algorithm
with OvA is only at 58.81%, which is poor in reaching our target.

4.2.2. One vs. One Perceptron. To improve its overall performance, we instead tried
the OvO method.

In the OvO method, a total of @ models were trained, where P is the total count of
classes. That is to say, we have a model for every single pair of different classes (train on a
subset of training dataset consisting of data points belonging to only that pair of classes). In
our case, the number of classes is 10, therefore, 45 models are trained. The accuracy of each
model is shown in Table 8.

It can be seen that the mean performance of each model is slightly higher than that in
OvA method. However, the overall accuracy of OvO is much better than that in OvA, which
is around 77.19% (compared to that of OvA’ 58.81%). This indicates that the OvO method
is the better way to model the multi-class classification problem for this dataset.
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Table 7: Accuracy of Perceptron models (OvA)

Model ID Model Class Accuracy (%)

1 Alternative 89.98
2 Anime 94.44
3 Blues 91.10
4 Classical 98.73
5 Country 90.18
6 Electronic 99.04
7 Hip-Hop 93.23
8 Jazz 90.11
9 Rap 88.88
10 Rock 91.57

Average Accuracy: 92.73%
Overall Accuracy?® 58.81%

! Average Accuracy: The mean accuracy of all bi-
nary classifiers in their respective sub-tasks, calculated
across all individual models.

2 Overall Accuracy: The classification performance on
the original dataset after integrating the binary classi-
fiers using OvA strategy for multi-class classification.

Accuracy of Perceptron Models (OvA)
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Figure 4: Accuracy of each Perceptron model in OvA
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Table 8: Accuracy of Perceptron models (OvO)

Label 1D 1 2 3 4 5 6 7 8 9 10
1 - 98.27 | 93.82 | 99.25 | 88.36 | 99.43 | 91.90 | 92.52 | 91.64 | 89.30
2 98.27 - 99.72 | 99.74 | 99.91 | 98.89 | 99.89 | 94.25 | 99.89 | 99.63
3 93.82 | 99.72 - 96.10 | 88.47 | 99.94 | 96.90 | 97.85 | 96.91 | 93.79
4 99.25 | 99.74 | 96.10 - 99.14 | 100.00 | 99.42 | 99.51 | 99.75 | 98.28
5 88.36 | 99.91 | 88.47 | 99.14 - 99.91 | 92.95 | 97.56 | 91.14 | 86.08
6 99.43 | 98.89 | 99.94 | 100.00 | 99.91 - 99.86 | 97.69 | 99.92 | 99.82
7 91.90 | 99.89 | 96.90 | 99.42 | 92.95 | 99.86 - 98.90 | 75.62 | 89.55
8 92.52 | 94.25 | 97.85 | 99.51 | 97.56 | 97.69 | 98.90 - 98.94 | 98.53
9 91.64 | 99.89 | 96.91 | 99.75 | 91.14 | 99.92 | 75.62 | 98.94 - 86.03
10 89.30 | 99.63 | 93.79 | 98.28 | 86.08 | 99.82 | 89.55 | 98.53 | 86.03 -

Average Accuracy’: 95.91% Overall Accuracy? 77.19%

L Average Accuracy: The mean accuracy of all binary classifiers in their respective sub-tasks, calculated
across all individual models.

2 Overall Accuracy: The classification performance on the original dataset after integrating the binary
classifiers using OvO strategy for multi-class classification.

4.2.3. Feature Weights. Since Perceptron models are linear classifiers and work by weigh-
ing each feature value, we can use it to analyze the importance of each feature in the dataset.

For each model, we calculate the weight for each feature. The higher the absolute value
of the weight, the more important is the corresponding feature for genre classification. The
categorical features key and mode have been translated into numeric form using the One-Hot
method, which means that they are treated as multiple features in model training.

We can investigate the relative importance of different features by calculating the average
weight for each feature by

1 P
w:P;yw,
1=

where P is the number of total models that we have trained.

For key and mode, we adopt the overall average. The average weight of each feature can
be seen in Table 9.

We will discuss the importance of different features in the subsequent section.

4.3. MLP. First, we compare the performance between models with depth 2, 3, 4 and 5.
The corresponding activation functions of the first (input) and last (output) layers of both
models are purelin and softmax, respectively. We will fix the activation function of the hidden
layers of each model to ReLU.

Then we use the depth model 2 (with one hidden layer) to analyze the performance
difference between different activation functions and different width (number of neurons in
the hidden layer). The activation functions that will be tested in this research are Tanh,
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Table 9: Average weight of each feature

Feature ID 1 2 3 4 5
Feature Name popularity acousticness  danceability duration energy
Weight 13.50 0.90 2.68 3.51 1.35
Feature ID 6 7 8 9 10
Feature Name | instrumentalness liweness loudness speechiness  tempo
Weight 0.67 0.28 0.78 2.80 0.33
Feature 1D 11 12 13 14 15
Feature Name valence artist name  track name key mode
Weight 0.20 2.68 1.74 1.30 7.85

Sigmoid, and ReL U.

For simplicity of notation, the conditions of all models used in this investigation are shown
in Table 10 and each is numbered by an ID. All models have an input layer with width 27
because the feature dimension is 27 after preprocessing.

Table 10: Properties of MLP models

ID | Depth Structure (neuron numbers) Activation function
1 2 (27)-20-10 ReLU

2 2 (27)-20-10 Tanh

3 2 (27)-20-10 Sigmoid

4 2 (27)-10-10 ReLU

5 2 (27)-30-10 ReLU

6 2 (27)-40-10 ReLU

7 3 (27)-20-20-10 ReLU

8 4 (27)-20-20-20-10 ReLU

9 5 (27)-20-20-20-20-10 ReLU

We observe the training efficiency (by counting the epochs when the model meets validation
check) and predict the accuracy of each model and assess their performance. The outcome is
shown in Table 11. The data in the table can also be seen in Figure 5 to gain more intuitive
insight into the variation of the model’s performance with respect to the model width and
depth.

4.4. AdaBoost. We want to find suitable hyperparameters that enable the model to con-
verge fast (with fewer training cycles). To decide the best choices of learning rate and learning
cycles of AdaBoost models, we trained a series of models with different hyperparameters and
analyzed their performance (by their prediction accuracy on the validation set).

The first five models are trained to determine the proper order of magnitude of the learning
rate. Candidates for the learning rates are given by Ir € {1 x 107°, 1 x 1074, 1 x 1073, 1 x
1072, 1 x 107!'}. In this step, the number of learning cycles is intuitively fixed to 300. The
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Table 11: Performance of each MLP model

Stopped value

ID Epoch Loss Gradient Accuracy (%)
1 35 0.0141 3.78e-3 89.37
2 26 0.0137 5.86e-3 89.81
3 48 0.0135 3.81e-3 89.92
4 49 0.0154 1.19e-3 90.40
5 36 0.0135 6.22e-4 89.85
6 29 0.0131 2.95e-3 88.98
7 27 0.0144 8.92e-3 89.15
8 26 0.0122 1.04e-2 89.24
9 27 0.0123 8.47e-3 89.67

results are shown in Figure 6. It is clear that a higher learning rate tends to have better
validation accuracy, so we can locate the new learning rate range in (0.1, 1).

Next, five more models are trained to further determine learning rates in a more pre-
cise range. This time we reduced the number of learning cycles to 50 to test the conver-
gence speed to different learning rates. The new candidates for learning rates are Ir €
{0.1,0.3,0.5,0.7,0.9}. The results are shown in Figure 7. A local maximum occurs at ir = 0.5,
so it can be assumed that the best choice of learning rate falls around 0.5.

Finally, in order to make the final decision on both learning rates and learning cycles, other
30 models are trained on the current range of learning rates Ir and learning cycles lc. Candi-
dates for this step are Ir € {0.40, 0.45, 0.50, 0.55, 0.60} and lc € {500, 1000, 1500, 2000,
2500, 3000}. The results are shown in Figure 8, where the accuracy of the validation is pre-
sented by different colors on the heat map. From the data shown in the figure we can see
that the best validation accuracy is 77.22%. Models with higher learning rates converge faster
and all models converge at 1000 learning cycles and perform slightly worse with more training
cycles.

5. Discussion. Based on the data we have obtained from the training and testing stage,
we can analyze the comprehensive performance of models trained by different algorithms.
Furthermore, we will try to gain insight into the classification of music genres based on the
analysis.

In addition, we have tried a series of different hyperparameters for each model and com-
pared their performance. In this section, we will analyze the results and provide some discus-
sions.

5.1. Feature Importance. We use the weight of features produced by Perceptron models
to analyze their importance. Generally speaking, the larger the absolute value of the weight,
the more important the feature is. This is because all feature values are normalized in the
data preprocessing stage, and therefore the same feature value with larger weight will have a
more significant impact on the output of the Perceptron model, which means that the feature
is more important than other.
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Figure 5: Model performance by Width and Depth

Intuitively, the following features should have a more significant effect on determining mu-
sic genres: popularity, acousticness, danceability, energy, instrumentalness, mode, speechiness.
This means that they are expected to have a larger weight (absolute value) in the outcome of
the Perceptron.

From Table 9, we can see that some features have significantly greater weight than oth-
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Validation Accuracy by Learning Rate (Learning Cycles=300)
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Figure 7: Validation accuracy by learning rate, fig 2.

ers. In Figure 9, we sort the features by their weight proportion, which can represent their
importance. A pie chart is also drawn to show some of the most important features based on
this analysis.

From the histogram in Figure 9 we can intuitively divide the features into two groups by
their importance. Since there are 15 features taken into consideration, let % x 100% = 6.7%
be a threshold, features whose importance percentage (weight proportion) is greater than
6.7% (whose original weight value is greater than 2.70, as shown in Figure 9) are considered
important features, otherwise ordinary features. Consequently, we can divide the features into
two subsets, important features and ordinary features.

The important features are the following.

1. popularity
2. mode
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3. duration

4. speechiness

The ordinary features are the following.
1. danceability
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artist name
track name
energy

key

acousticness
loudness
instrumentalness
tempo

liveness

11. valence

The outcome is basically consistent with intuition, which means that the Perceptron model
trained in this research is quite trustworthy.

The important features are usually features with these two properties: (a) vary significantly
between different genres of music, and (b) have a typical value for a certain genre. Some music
genres may enjoy higher popularity than others (like Anime compared to Blues), making
popularity an important feature. Some features which directly describe musical elements
are also proved important, such as speechiness (Rap can have significantly denser lyric than
Classical, which basically have none) or duration (again, Classical music is usually much
longer than regular pop songs). Feature mode is also important, since music theory thinks
that songs in Major mode tend to be brighter or happier while songs in Minor mode are
gloomier, which can distinguish different music genres.

The ordinary features are usually features belonging to at most one of (a) and (b), but do
not distinguish music genres as clearly as important features. For example, usually Classical
music scores high in instrumentalness, but other song genres can also be high in instrumen-
talness, while their acoustic version can score very low. This means that instrumentality does
not have a typical value for most genres of music and that it does not have property (b).
Similarly, songs belonging to the same genre can have very different valences and loudness.

Apart from that, some features indicates some very common attributes that can be shared
by all different genres. For example, the feature key belongs to the this category (based on
music theory, transposing a music piece from one key to another will not change its character;
changing the key is a common way to modify the pitch of a song to make it easier to sing
without altering how it sounds).

It is also noteworthy that, although in practice songs by the same artist (corresponding to
the artist name feature) or from the same record (corresponding to the track name feature)
often belong to the same genre, the weights of these two features are relatively low in the
results. This may be attributed to two factors. First, artist or track names can be misleading,
as the naming may reflect characteristics or elements associated with other genres. Second, in
this study, these features are treated as categorical variables and transformed into numerical
representations using label encoding. During this process, meaningful semantic information is
likely to be lost, reducing their discriminative power and consequently lowering their feature
importance.

Still, we observe that some feature’s weights are different from what we expected. Features
like duration are more important than we thought intuitively, while acousticness and liveness
are less important.
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This outcome indicates that when trying to decide which feature of music should be
taken into consideration to classify music genre, some certain features should be treated
more seriously, i.e., having a greater coefficient. To be specific, this paper indicates that
the important features listed above should have a greater effect than the ordinary features
listed above.

5.2. Choices of Hyperparameters.

5.2.1. kNN. In this section, we will first discuss the performance of the three distance
measuring formulas (3.2), (3.3), and (3.4). Then we will analyze the data shown in Figure 3
and discuss the value of k whose performance is relatively the best. In addition, we analyze
the difference in accuracy of multiclass kNN, One vs. All , and One vs. One.

From Table 5 we can see that models with the L; distance outperform other types of
models. Since the distributions of many features of the training set are not an approximately
normal distribution (see Figure 1), the data points are actually not uniformly distributed in
the feature space. This means that there are a lot of "outsiders” which are far from the
center but may contain some information about some certain pattern of a music genre and
affect kNN models when predicting labels. Therefore, if we use the Lo distance to calculate
the distance between these ”outsiders” and test data points, we even enlarge the distance by
computing the square of difference in value along each feature and thus reducing the impact
of these faraway but important outside data points. Due to the same reason, Mahalanobis
distance also has this shortage. So, the L; distance is the best distance measurement formula
for this task.

It is also worth mentioning that the performances of models with Mahalanobis distance on
both datasets before and after normalization are the same. This is because the Mahalanobis
distance normalizes the data implicitly by adding the covariance term.

In the training stage, we have divided the value of k into 4 different scales: small, medium,
large, and extremely large. The corresponding value ranges are k € (1,30), k£ € (30,300),
k € (300,3000) and k& € (3000,30000). There are 15 trials of k value for small and 30 trials
for the other three ranges. All ks are ensured to be odd.

In Figure 3, the maximum accuracy (around 0.83) appears when k € [5,13]. In general,
the average accuracy when k is small is significantly higher than when k is medium, large, or
extremely large.

The accuracy value first increases sharply when k increases from 1 to 5, reaches its maxi-
mum at k = 7. After that, the accuracy drops continuously as k increases. Therefore, we can
indicate that the best value of k is when k is relatively small, which means that k is around
‘{—év. In this paper, k € [5,13] is the best range.

Furthermore, we use k € [5,13] to analyze kNN models with different implementations of
(multiclass kNN, One vs. All and One vs. One). The results are shown in Table 6, where
we can see that the average accuracy of these kNN models is fairly close to each other, which
indicates that changing the model ensemble methods does not greatly improve the accuracy
in this task.

5.2.2. Perceptron. Similarly to kNN, we tested two implementations of Perceptron mod-
els, with OvA and OvO, respectively. The results of these two versions are shown in Table 7 and
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8. We can see that the accuracy of the Perceptron model with OvO (77.19%) is significantly
higher than that of OvA (58.81%). Therefore, undoubtedly OvO is the better method for
combining multiple binary classification Perceptron models into one multi-class classification
model.

A reason for this is that since Perceptron is a binary linear classifier, its geometric intuition
is actually a hyperplane in the feature space of the dataset, dividing the dataset into two
subsets regarding two classes. In the OvA method, we use all data from the original training
set (containing 10 classes) to train every Perceptron model. Having multiple classes of data at
one time may lead to poor binary divisibility of the feature space, thus causing low accuracy
of the model. On the other hand, OvO uses a subset of data that contains only two classes at
one time, which hopefully ensures the divisibility of the training set directly accessed by the
Perceptron model.

However, this argument turned out not to be the main cause of the result. As indicated by
Table 7, it shows that each model trained by OvA performs well enough on its own sub-task
(achieving an average accuracy at 92.73%, slightly lower than 95.91% of OvO). If the guess
on binary divisibility is correct, these models should have performed worse. But somehow
the overall accuracy is still poor. This means that the problem is actually about how we
assemble the scores of all models and conclude the final decision in OvA. In fact, the score
of the Perceptron model trained by OvA is only the product value between the vector of
features of the test data and the weight matrix in the correct class (label). This value is not
numerically stable and may differ in scale between different models due to the actual training
process. So, it is not wise to make a final decision simply by comparing the value of scores,
which unfortunately happens to be what we have done in the OvA method.

However, this is no longer a problem in Ov0O, where we have multiple models to vote
against each label and provide choices to choose from. This avoids the problem of numerical
stability caused by directly using the matrix product. As we can see in Table 8, the overall
accuracy maintains a satisfactory level of 77.19%.

5.2.3. MLP. In Table 11, we can infer several conclusions, listed below:

e Changing the activation function (models #1, #2 and #3) does not significantly affect
accuracy, but can differ training efficiency (the stopped value of the epoch indicates
the time when the model stops training).

e Among models with different width (models #1, #4, #5 and #6), model #4 (with
width 10) has the best prediction accuracy. Wider models tend to have worse test
performance and smaller stopped value of epoch (see Figure 5).

e Among models with different depth (models #1, #7, #8 and #9), model #9 (with
depth 5) has the best accuracy. Increasing the depth of the models also slightly reduces
the stopped value of the epoch (see also Figure 5).

Generally speaking, both increasing the width and the depth of models do not tend to
behave significantly better in testing datasets (and stopping training earlier). This is because
larger models are easier to overfit the training dataset in the early stage of training and
stop getting better on the validation or testing dataset. Since our task is a relatively simple
classification problem, models with simple structure are good enough to obtain high accuracy.
Since larger models usually take longer time to train, in practice we can train small models
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with higher efficiency while ensuring accuracy.

5.2.4. AdaBoost. As shown in Figure 8, we can see that the best accuracy is 77.22%.

We can see that increasing the number of training cycles does not necessarily improve the
performance of the model. There are a few reasons for this result. Since AdaBoost trains
the model by adding weak learners to the former model, once it has already captured all
relatively useful features in the dataset, the new added weak learners will recognize the noisy
data in the training set, eventually causing the model to overfit the train data. Apart from
that, Adaboost changes the weights of the sample data in each learning cycle based on the
result from the last cycle, which may cause the sample weights to be either extremely large or
extremely small after a certain number of training cycles, causing the model to pay too much
attention to abnormal data and reduces final performance.

5.3. Model Accuracy. One of the goals of this paper is to assess how well basic algorithms
like kNN and Perceptron perform in music genre classification tasks, compared to relatively
more complex models like MLP.

We can see the overall accuracy of the kNN model in Table 6. Assuming that the best
range of k is used (based on the discussion in the section above), we can expect the model to
have an accuracy around 83.37%. For the perceptron model, if the OvA method is adopted, it
can achieve an accuracy of 77.19%, as shown in Table 8. In Table 11, we can see that the best
accuracy of the MLP model is around 90.40%. For AdaBoost, as shown in Figure 8, the best
accuracy is 77.22%. Table 12 lists the accuracy of the best models and their hyperparameters
studied in this investigation.

Table 12: Accuracy of different models

Model Performance Description
kNN 83.37% K=7 OvA
Perceptron 77.19% OovO
MLP 90.40% D=2 W =10, ReLU
AdaBoost 77.22% Ir = 0.50, lc = 1000

It should be noted that genre overlap may occur in practice, meaning that a single piece
of music can belong to multiple categories (e.g., a rock track used as an anime soundtrack
may be classified as both anime and rock). However, the models trained in this study are
designed to predict a single label as the best choice. This formulation may therefore affect
the reported accuracy to some extent.

5.4. Models Trained by Important Features. After analyzing the importance of each
feature in the training dataset, we remove some of the least important features from the
dataset based on the above analysis and use the remaining features to train some new models.
In this stage, we choose the relatively best hyperparameters shown in Table 12 for each
algorithm.

As shown in Figure 9, the average importance percentage of all features is 6.7%. Take half
of this baseline value % X 6.7% = 3.4% as a threshold. Features whose importance percentage
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is less than 3.4% are removed from the dataset. The remaining and removed features are
listed in Figure 10.
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Figure 10: Remaining and removed features based on importance percentage

We train four new models (kNN, Perceptron, MLP, and AdaBoost) with their hyperpa-

rameters set to the best choices given Table 12. The accuracy of these models is shown in
Table 13.

Table 13: Accuracy of different models trained by important features only

Model Acc Original Acc Improved by
kNN 88.50% 83.37% 5.13%
Perceptron  77.76% 77.19% 0.57%
MLP 90.72% 90.40% 0.32%
AdaBoost  77.22% 77.22% 0.00%

From Table 13, we can observe that the effect of feature reduction varies between different
algorithms. For kNN, accuracy improves significantly by more than 5%, suggesting that
removal of noisy or less informative features helps alleviate the curse of dimensionality and
allows the model to better capture the neighborhood structure of the data. The Perceptron
also benefits slightly from the reduced feature set, indicating that pruning redundant features
can simplify the decision boundary.

MLP only shows a marginal increase in performance, likely because neural networks can
implicitly handle irrelevant features during training and do not necessarily rely on the scale of
input space. For AdaBoost, the accuracy remains unchanged, which implies that the algorithm
is relatively robust to the inclusion of weaker features due to its ensemble nature.

Overall, these results highlight that feature selection can have markedly different impacts
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depending on the learning algorithm. Specifically, reducing feature space can be particularly
beneficial for simpler or distance-based models.

6. Conclusion. This paper aimed to evaluate the effectiveness and efficiency of different
machine learning (ML) algorithms in classifying music genres. The study focused on four
basic ML algorithms: K-Nearest Neighbors (kNN), Perceptron Learning Algorithm (PLA),
Multilayer Perceptron (MLP) and AdaBoost. In addition, we provided some useful methods
to combine binary classification models into multi-class classification models. The study also
highlighted the importance of certain features in the classification of music genres and provided
recommendations to select the most suitable algorithm and set of features for this task.

This work has shown that automatic music genre classification can be achieved using
simple models with high accuracy and low training costs.
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