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Abstract

Music genres are groups with certain musical characteristics. They can be
used to create structure within the large amount of music that exists, for
example via genre classification. Genre classification has been automated
using Machine Learning. In previous research, Gaussian Processes have
successfully been used to classify genres with a reasonable accuracy (60,9%
over 6 genres), using relatively few samples (20 per genre).

In this paper, several genre classification approaches are compared: a
Gaussian Process, a Gibbs sampler and as a baseline a Support Vector Ma-
chine. First, the optimal kernel for both the Gaussian Process and Support
Vector Machine is determined. Then, the models are compared. The models
are trained with a range of different sample sizes and accuracy is determined
using the same testing set. The accuracies that the models achieve are then
compared.

Using the Support Vector Machine with the polynomial kernel yielded
the highest accuracies with the polynomial kernel and the Gaussian Process
achieved the highest accuracies with the Matèrn kernel. When trained on the
same data, the Gaussian Process outperforms the Support Vector Machine.
The Gaussian Process reaches an accuracy of 73,1%, while the Support
Vector Machine reaches an accuracy of 61,7%. The Gibbs sampler proves
to perform relatively poor on this classification problem, as it yields an
accuracy of 48,2%.
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Chapter 1

Introduction

We are quick and relatively reliable in guessing the genre of a song. How
quick and reliable exactly? After three seconds of a song, we can make
a guess that is accurate 70% of the time [Gjerdingen and Perrott, 2008].
Music genres are used to organize the massive amount of music that exists
into groups that bear a certain similarity with each other. That similarity
can be strictly musical, but also cultural or historical. The advantage of
clustering by genre is that genres are closely related to music preferences.
Chances are that if you like a song from a certain genre, you will like other
songs from that genre.

Music Information Retrieval (MIR) is the science of retrieving features of
music. Examples of such features are: genre, emotion, artist, instruments,
melody and chord progression. In turn, these features can be used for music
recommendation, creation and manipulation. Machine learning is one of the
disciplines used in MIR, and it is easily applied as enough labelled music
training data exists. Still, determining the genre of an audio sample is a
difficult and only partially objective task. Genres change over time, different
countries have different genres, genres have overlap and subgenres exist. All
the more reason to automate the process of categorizing music into genres,
especially for large-scale, international music distributors.

Automatic genre classification can be done by several machine learning
methods. The two methods I am interested in are Gaussian Processes and
Gibbs samplers. Both are methods based on Bayesian statistics. Bayesian
statistics is a field of statistics where observed data is used to update beliefs
about the parameters of a statistical model. It is based on Bayes’ theo-
rem, where likelihood, prior and marginalization are used to compute the
posterior.

Gaussian Processes assign probabilities to all possible functions that may
fit the data. The observed training data affects the probability for these
functions. If the observed data can be explained by a certain function,
that function becomes more probable. If not, that function becomes less
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probable. The second method, Gibbs sampling, is a Markov Chain Monte
Carlo (MCMC) algorithm. It generates a Markov Chain of all samples,
where each sample is correlated with nearby samples. Gibbs sampling can
be used to find unknown parameters.

Lansdown compared music genre classification via a Support Vector Ma-
chine (SVM), an Artificial Neural Network, a Random Forest and a Gradient
Boosting Machine with 5 genres: Electronic, Folk, Hiphop, Pop and Rock
[Lansdown, 2019]. The SVM outperformed the other approaches with an
accuracy of 68%. Furthermore, the SVM performed more consistently over
all genres, whereas the other models yielded a lower accuracy recognising
the Pop-genre. Lansdown also evaluates multiple feature extraction meth-
ods and the audio feature’s value in this task, which will be further discussed
later in this thesis.

When an SVM and a Gaussian Process model were compared on their
classification accuracy with different sample sizes, the latter outperformed
the SVM in all cases [Markov and Matsui, 2013]. This experiment shows
the efficiency of a Gaussian Process: it needs less samples to reach a higher
accuracy. The samples were classified in six genres: Classical, Electronic,
Jazz-Blues, Metal-Punk, Rock-Pop and World. Additionally, multiple ker-
nels were compared: linear, exponential, rational and Matèrn. The perfor-
mance gap between the GP and SVM was largest with the exponential GP
kernel.

Raczynski & Vincent used Gibbs sampling for music genre classification
[Raczynski and Vincent, 2014]. They used a topic model, Latent Dirich-
let Allocation (LDA), to model the data. In this study, the observed data
consisted of musical chords. They used Gibbs sampling to identify param-
eters that explain the data. They used 9 genres: Pop, Blues, Celtic, Bop,
Bossanova, Prebop, Romanticism, Classical, Baroque. In their experiment,
LDA yielded an accuracy of 60,4%.

The approach in this paper is different: LDA is not used to model the
data. Instead, the data is modelled via a Dirichlet mixture model. This is
a relatively straight-forward model that will be explained in Chapter 2.

In this paper, the efficiency of Gaussian Processes and Gibbs sampling
are compared with a Support Vector Machine acting as a baseline classi-
fier. Training set size and kernel type will be varied between experiments.
Training set sizes range from 20 samples per music genre to 100 samples
per music genre. The testing set holds 120 samples per music genre. Seven
music genres are used: Rock, Electronic, Hiphop, Folk, Historic, Pop and
Classical. Prior to the experiments, optimal kernels are first identified for
the GP and SVM. Ultimately, all models are compared.

I expect to find a difference between the GP and SVM: the GP will
yield a higher accuracy than the SVM. I also expect a difference between
the Gibbs sampler and SVM: the Gibbs sampler will yield a higher accuracy
than the SVM.
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The results of this research will be of interest for automatic genre classi-
fication. The advantage of Bayesian techniques for automatic genre classifi-
cation is that the beliefs can be updated once more data becomes available.
This is beneficial for music distributors, as new genres can emerge and grow
over time. New data would then become available and could be used to
update the model.
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Chapter 2

Methods

2.1 Data

I will use the Free Music Archive (FMA) [Defferrard et al., 2017] as a database
for this research. The FMA is a dataset created for Music Information Re-
trieval. It holds raw mp3-files, as well as metadata and preprocessed fea-
tures. The metadata holds the information about the genre, which is used to
create output array Y. Y is the desired output of the models, a list of genres.
The preprocessed audio features that are used as input data X are provided
by Echonest. Echonest is now owned by Spotify, and the preprocessing of
audio features is included in Spotify for Developers [Spotify, ]. The used
audio features are summarized in Table 2.1.

Feature Value

Acousticness x ∈ R and 0 ≤ x ≤ 1

Danceability x ∈ R and 0 ≤ x ≤ 1

Energy x ∈ R and 0 ≤ x ≤ 1

Instrumentalness x ∈ R and 0 ≤ x ≤ 1

Liveness x ∈ R and 0 ≤ x ≤ 1

Speechiness x ∈ R and 0 ≤ x ≤ 1

Tempo Measured in beats per minute (BPM) ranging between

12 - 252

Valence x ∈ R and 0 ≤ x ≤ 1

Table 2.1: The features used for music genre classification

Almost all of those features are already scaled from 0 to 1, and to ensure
easy Automatic Relevance Detection (ARD), the tempo feature is also scaled
from 0 to 1. This way the length scales in the Gaussian Process kernel will
give clear insight into the relevance of the individual features. ARD is a
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method that can be implemented in models to determine the relevance of
every feature. The implementation of ARD is further explained in Section
2.2.1.

The Echonest features were only calculated for a subset of the samples
in the FMA. In this subset the genres are distributed as seen in Table 2.2.

Genre Number of samples Y value

Rock 3892 0

Electronic 2170 1

Hiphop 910 2

Folk 874 3

Historic 357 4

Pop 346 5

Classical 265 6

Jazz 241 -

International 133 -

Instrumental 84 -

Experimental 17 -

Table 2.2: The genres of the samples in the dataset

The experiments are performed using a range of different training set
sizes and one testing set size. The training set sizes are 20, 40, 60, 80
and 100 samples per genre. The testing set size is 120 samples per genre.
There should be no overlap between the training sets and testing set, so there
should be at least 220 samples per genre. Therefore the genres International,
Instrumental and Experimental are excluded. Jazz is also excluded because
it barely exceeds the minimum amount of samples. That leaves seven gen-
res: Rock, Electronic, Hiphop, Folk, Historic, Pop and Classical. For every
experimental trial, a testing set with 120 samples per genre is constructed.
Then, the five different training sets are constructed: train-20, train-40,
train-60, train-80 and train-100. The training sets are constructed in such
a way that train–20 ⊂ train–40 ⊂ train–60 ⊂ train–80 ⊂ train–100.

2.2 Models

The problem I will tackle is a classification problem. The models are trained
with training samples with their corresponding classes, and should predict
which class the sample is in, based on an input vector of 8 features per
sample. A Gaussian Process, Gibbs sampling and a Support Vector Machine
are compared on their prediction accuracy on the testing set.
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2.2.1 Gaussian Process

The goal of a Gaussian process is to learn the parameters that best describe
the supervised training data. In the case of classification, the Gaussian
Process predicts the probability πc that sample x is in class c. The πc is based
on the latent functions f = [f1, ...fc], that predict the degree of membership
to class C. The latent functions are described by an independent Gaussian
Process prior with a mean vector µ and a kernel function K = k(x,x′):

f ∼ GP (µ,K) (2.1)

Multiple kernel functions can be used. One of the possible kernel func-

tions is the squared exponential function: k(x, x′) = exp(−(|x− x′|)2

2l2
).

Here, x and x’ are two datapoints, |x − x′| is the Euclidian distance be-
tween the two datapoints and l is the lengthscale. Because the output of
the kernel function is divided by the lenghtscale, a large lengthscale results in
a smaller output. This means that features with a large lengthscale become
almost irrelevant because they do not affect the covariance much. Therefore,
the lengthscales can be used for Automatic Relevance Determination.

In the research, four kernels are evaluated: Linear, Squared Exponential,
Rational Quadratic and Matérn 3/2. The Linear kernel function is k(x, x′) =
σ2+(x−c)(x′−c), where σ2 is the variance. The Matérn 3/2 kernel function

is k(x, x′) = σ2 +

√
3 ∗ ( |x−x

′|
l exp(−

√
3 ∗ ( |x−x

′|
l ). The Rational Quatratic

kernel function is k(x, x′) = σ2(
1 + |x− x′|2

2αl2
)( − α). Here α determines the

relative weighting of fluctuations. These kernel functions affect the shape
the latent functions can take on. To find the optimal Gaussian Process for
this music genre classification problem, the first experiment compares the
four kernels.

The results of the latent functions are not probabilities of class member-
ship yet. The results are turned into a discrete probability distribution over
all classes by using a Robust Maximum function:

πc(f) =

1− ε, if c = argmaxcfc

ε/(C − 1), otherwise
(2.2)

The goal of the Gaussian Process is to find the function that best explains
and predicts the data. Finding the best function is a matter of calculating
p(f | y), where y are the observed variables. If the likelihood was Gaussian,
calculating p(f | y) could be done under closed form with matrix multi-
plication. But the likelihood is Categorical, not Gaussian. Therefore the
posterior needs to be approximated with a Variational Gaussian Process.

A Variational Gaussian Process is used to find the multivariate Gaus-
sian distribution that is closest to the posterior. The optimal Gaussian
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approximation for the posterior is denoted by q̂(f). The multivariate Gaus-
sian distribution consists of mean value µ and covariance matrix Σ. Find-
ing the optimal values for these hyperparameters is done by minimizing
the Kullback-Leibler divergence. The Kullback-Leibler divergence measures
how different the approximation is from the posterior:

KL(q(f) ‖ p(f)) =

∫
q(f) ln

q(f)

p(f | y, θ
)df (2.3)

This formula is not tractable, because the posterior p(f | y) is unknown.
Fortunately, Opper and Archambeau found that the Gaussian distribution
with the smallest Kullback-Leibler divergence can be approximated as fol-
lows [Opper and Archambeau, 2009] :

q̂(f) = N (µ, [K−1 + diag(λ)]−1) (2.4)

Where µ is the mean, K is the kernel and diag(λ) is a diagonal matrix with
λ on its diagonal.

For the experiments in this paper, the package GPflow [Matthews et al., 2017]
is used to build Gaussian Processes in Python. GPflow uses Opper and Ar-
chambeau’s findings to find the optimal approximation.

2.2.2 Gibbs sampler

A Gibbs sampler is a special case of the Metropolis-Hastings algorithm. It is
used to obtain random samples from complex distributions. The algorithm is
based on the premise that sampling from conditional distributions P (A | B)
and P (B | A) is easier than sampling from the joint distribution P (A,B).
The joint distribution can be approximated from the samples drawn from
these conditional distributions. Figure 2.1 shows pseudo-code for the Gibbs
sampling algorithm.
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Figure 2.1: Pseudo-code for Gibbs sampler [Mikhailiuk, 2019]

A Gibbs sampler can find find the hyperparameters that best explain
the observed data, which consist of Xtrain and Ytrain, and to predict the
class values for testing data Xtest. The first step of initializing a Gibbs
sampler is determining the relations between different variables and finding
the underlying structure. The genre classification problem can be described
with a Dirichlet prior and Categorical likelihood. Figure 2.2 is the generative
model for this genre classification problem and the graphical model is drawn
in Figure 2.3.

α1 = (1, 1, 1, 1, 1, 1, 1)

p ∼ Dirichlet (α1)

gm | p ∼ Categorical (p) m = 1...M

µij ∼ Beta (1, 1) i = 1...C, j = 1...F

σij ∼ Gamma (0.01, 0.01) i = 1...C, j = 1...F

αij | µij , σij = µij ∗ σ2ij i = 1...C, j = 1...F

βij | µij , σij = (1− µij) ∗ σ2ij i = 1...C, j = 1...F

Xtrainnj | αaj , βaj ∼ Beta (αaj , βaj) a = Y trainn, n = 1...N, j = 1...F

Xtestmj | αbj , βbj ∼ Beta (αbj , βbj) b = gm,m = 1...M, j = 1...F

Figure 2.2: Generative model for Genre Classification problem

Here M is the number of testing samples, N is the number of training
samples, C is the number of classes, and F is the number of features. The
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generative model consists of a mean µ, variance σ2 and shape parameters
α and β based on the values of µ and σ2 for every feature and every class.
The priors for both µ and σ are uniform. Data points in Xtrain are drawn
from a Beta distribution with parameters α and β depending on the class
that that data point falls into. The classes are specified in Ytrain.

The predictions for the genres of the testing data Xtest are stored in
g. The list g is drawn from a Categorical distribution, which takes the
list of event probabilities, p, as a parameter. p is drawn from a Dirichlet
distribution, which takes the list α1, the concentration parameters. The
data points in Xtest are then drawn from a Beta distribution, where the
class indices are taken from the computed list of genres g.

It is important to note that shape parameters α and β cannot be zero.
This is implemented in the program with an if-clause. If µij ∗ sigmaij = 0,
αij = 0.000001 and if (1− µij) ∗ σij = 0, then βij = 0.000001.

The Gibbs sampler will find optimal values for parameters µ and σ, so
that predictions become as accurate as possible. The predictions are stored
in vector g. g is compared with Ytest to compute the accuracy.

Xtestmj

gm

p

α1

Xtrainnj

Y trainn

αij βij

µij σij

m = 1..M n = 1..Nj = 1..F

i = 1..C

Figure 2.3: Graphical model of Gibbs sampler
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Figure 2.4: The value of mu[1,1] over 10.000 iterations and 4 chains

It is common to throw away an amount of samples at the beginning
of a chain. It can take a while before a stationary distribution is reached
and then the samples may not be an accurate reflection of the distribution.
To evaluate whether a burn-in period is necessary, Figure 2.4 shows the
value of µ[1, 1] over a large amount of iterations. This demonstrates that
there is no visible significant convergence and thus no significant burn-in
period. For the experiments, a burn-in period of 200 iterations is used. This
was chosen as a starting point and yielded positive results. Therefore, this
burn-in period was retained in all experiments using the Gibbs Sampler. In
addition, 10.000 iterations did not provide more specific results than 1.000
iterations and they prove to be very time-consuming. Therefore I decided
to work with 1.000 iterations per chain.

2.2.3 Support Vector Machine

The goal of a Support Vector Machine is to find a hyperplane that classifies
the data points correctly. A Support Vector Machine finds the optimal
hyperplane: one that maximizes the margin. A large margin means a bigger
distance between data points of different classes. To maximize the margin,
you need to minimize the loss function.

The SVM works with different kernels. In the first experiment, the
linear kernel, Radial-Basis Kernel and polynomial Kernel are compared. The
optimal kernel is then used for the comparison with the other techniques.

SVM’s are implemented in the Scikit-learn library [Pedregosa et al., 2011].
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It is a relatively quick and easy algorithm and therefore functions as a good
baseline performance measure.
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Chapter 3

Results

In the first two sections, the two best kernels are determined for the SVM
and the GP. Then the performance of the SVM and GP with the optimal
kernels are compared with the Gibbs sampler.

3.1 SVM Kernels

The first experiment consists of finding the most applicable kernel for the
Support Vector Machine. There are 50 trials performed for each kernel and
each condition. The results of this experiment are shown in Figure 3.1.

train-20 train-40 train-60 train-80 train-100
40

50

60

70

49.9
52.3 53.4 53.9 54.0

52.3

56.1
57.8 58.4 58.8

53.8

58.4 59.5 60.7 61.2

Linear

RBF

Polynomial

Figure 3.1: Average accuracy over 50 trials of Support Vector Machines with
different kernels

The Support Vector Machine with the polynomial kernel outperforms
the other kernels in each condition. It yields an accuracy of 61.21% with
100 training samples. The RBF kernel yields the second highest accuracies
and the linear kernel the lowest. The polynomial kernel is used in the final
comparison between the SVM, Gibbs sampler and Gaussian Process.
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3.2 GP Kernels

The second experiment consists of finding the most applicable kernel for
the Gaussian Process. There are 20 trials performed for each kernel and
condition. The results of this experiment are shown in Figure 3.2.

train-20 train-40 train-60 train-80 train-100

40

50

60

70

52.5

56.4 57.1 57.6 57.957.7

62.6
64.6 65.2

66.4

58.7

65.7

69.2 69.9

72.0

58.5

63.0

65.5
66.5

67.9

Linear

SqExp

Matèrn

RatQua

Figure 3.2: Average accuracy over 20 trials of Gaussian Processes with dif-
ferent kernels

The GP with the Matèrn kernel outperforms the other kernels in each
condition. It yields an accuracy of 72%. The difference with the other
kernels becomes bigger when more training samples are used. The Rational
Quadratic kernel and Squared Exponential kernel yield similar accuracies.
The Linear kernel achieves the lowest accuracy in all cases. The Matèrn
kernel is used in the final comparison between the SVM, Gibbs sampler and
Gaussian Process.

3.3 GP vs. SVM vs. Gibbs sampler

The last experiment is a comparison of all three approaches. The accuracies
for the SVM and GP are computed over 50 trials. The accuracies for the
Gibbs sampler are computed over one trial due to time constraints. One
trial consists of 4 chains and 1000 iterations. The accuracies are computed
over all those iterations minus the burn-in iterations. The results of this
experiment are shown in Figure 3.3.
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train-20 train-40 train-60 train-80 train-100
40

50

60

70

43.3

46.9 47.5 48.2
46.1

58.3

65.7

69.5
72.1 73.1

54.2
57.6

59.9
61.4 61.7

Training set size

A
cc

u
ra

cy
(%

)

Gibbs

GP

SVM

Figure 3.3: Results of all three techniques

Figure 3.4: Confusion matrices for all three approaches, trained with train-
100
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The Gaussian Process outperforms the Support Vector Machine and
Gibbs sampler in all conditions. With 100 training samples per genre, the
GP yields an accuracy of 73,1%, the SVM yields an accuracy of 61,7 %
and the Gibbs sampler yields an accuracy of 46,1%. Interestingly, the base-
line classifier SVM outperforms the Gibbs sampler. The differences between
the accuracies of the GP and the SVM become bigger with more training
samples. The accuracy of the Gibbs sampler increases when more training
samples are used, until 80 training samples are used. However, when 100
training samples are used, the accuracy decreases.

Figure 3.4 shows the confusion matrices for each method. The confusion
matrices of the GP and SVM are rather similar, but the confusion matrix of
the Gibbs sampler deviates. The Rock genre has an puzzling low sensitivity.
Only 3,3% of Rock samples are correctly categorized.

3.4 Automatic Relevance Detection

The lengthscales of Gaussian Processes inherently correspond with the rele-
vance of features. Table 3.1 shows the lengthscales of a GP using the Matèrn
3/2 kernel.

Feature Lengthscale (l) 1/l

Acousticness 0.617 1.62

Danceability 0.583 1.715

Energy 0.525 1.905

Instrumentalness 1.112 0.899

Liveness 0.445 2.249

Speechiness 0.469 2.132

Tempo 2.034 0.492

Valence 0.76 1.316

Table 3.1: Lengthscales of all features of a GP using a Matèrn 3/2 kernel

Liveness has the smallest lengthscale and therefore differences in live-
ness are very relevant. Tempo has the smallest lengthscale and therefore
differences in tempo are less relevant.
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Chapter 4

Conclusions

In conclusion, the polynomial kernel of the SVM proved to be best for this
music classification problem. For the Gaussian Process, the best kernel
turned out to be the Matèrn kernel. The Gaussian Process outperforms
both the Support Vector Machine and the Gibbs sampler on this particular
music classification problem. It achieved a high accuracy of 73,1%.

The relevance of the Echonest features were found with ARD. Live-
ness proved to be the most relevant feature. The order of features from
most relevant to least relevant is: liveness, speechiness, energy, danceability,
acousticness, valence, instrumentalness, tempo.

The Gibbs sampler’s performance was unexpectedly poor and did not
exceed the SVM’s baseline performance. It could be interesting to look into
the reason why Rock samples were classified so poorly. The low accuracy of
Rock samples causes a great decrease in the average accuracy. Interestingly,
Rock samples were often misclassified as Electronic samples. It could be
an improvement to combine both classes into one large Rock/Electronic
class, classify them with a variation of the current model and use a binary
classification model to classify Rock/Electronic samples into their respective
classes. However, this would increase the running time, which is already a
matter of concern.

Another improvement that could be made, is using a collapsed Gibbs
sampler instead of the normal Gibbs sampler. Collapsed Gibbs samplers
are known for their quick convergence. In the experiments there was no
visible convergence, maybe the collapsed Gibbs sampler would reach a more
significant stationary distribution.

The data and how it was handled is not a true reflection of real-world
music. The training sets and testing set consisted of equally distributed
genres, even though some genres are more present in the real-world than
others. In future research, this could be reflected in the data and the models.
For example, the models could be trained with balanced data, but tested
with unbalanced data.
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Another issue I ran into, was the time-consuming nature of the models.
While the SVM was quick, the other models were not. Especially the Gibbs
sampler was time-consuming. The Gibbs sampler was only tested with one
random series of training sets and one test set. The SVM and GP were tested
with 50 trials, where the training sets and testing set were different. Perhaps
the Gibbs sampler needs more trials to accurately portray the accuracy of
the approach.

Lastly, the Gaussian Process and Gibbs sampler are significantly slower
than the SVM. Such practical factors were not taken into account in the
evaluation of the methods for this research. However, for real world appli-
cations, such considerations are very important next to accuracy.

Overall, the results of the Gaussian Process and Support Vector Ma-
chine are impressive. Perhaps Gibbs samplers are better used for feature
extraction than for classification.
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Appendix A

Appendix

A.1 Data preparation (Python)

1 import numpy as np
2 import pandas as pd
3

4 #Get echonestdata

5 Xdf = en [ ( ’ echonest ’ , ’ a u d i o f e a t u r e s ’ ) ]
6

7 #Echonest was only applied to a subset, so I gather the

track_id’s to crossreference with the Y data.

8 xs = X d f . i n d e x . v a l u e s . t o l i s t ( )
9 xs = np .asar ray ( xs )

10 print ( x s . shape )
11

12 Ydf = t rack s [ ( ’ t rack ’ , ’ genre top ’ ) ]
13 Ydf = Ydf . r ep l a c e ({ ’Hip−Hop ’ : 0 , ’ Rock ’ : 1 , ’Pop ’ : 2 , ’

I n t e r n a t i o n a l ’ : 3 , ’ E l e c t r o n i c ’ : 4 , ’ Experimental ’ : 5 , ’
Inst rumenta l ’ : 6 , ’ Folk ’ : 7 , ’ C l a s s i c a l ’ : 8 , ’ Jazz ’ : 9 , ’
Blues ’ : 1 0 , ’Old−Time / H i s t o r i c ’ : 1 1} )

14 a l l g e n r e l a b e l s = [ ’Hip−Hop ’ , ’ Rock ’ , ’Pop ’ , ’
I n t e r n a t i o n a l ’ , ’ E l e c t r o n i c ’ , ’ Experimental ’ , ’
Inst rumenta l ’ , ’ Folk ’ , ’ C l a s s i c a l ’ , ’ Jazz ’ , ’ Blues ’ , ’
H i s t o r i c ’ , ’No top genre ’ ]

15

16 #Only take the echonest subset of the track info

17 Ydf = Ydf . l o c [ xs ]
18

19 #Convert to numpy array

20 Y = np.asar ray ( Ydf )
21 X = np.asar ray ( Xdf )
22

23 #Scale the features in X

24 for i in range ( X.shape [ 1 ] ) :
25 min=np.min (X[ : , i ] )
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26 max=np.max (X[ : , i ] )
27 X[ : , i ]=(X[ : , i ]−min)/ (max−min)
28

29 hiphop X = X[Y==0]
30 rock X = X[Y==1]
31 pop X = X[Y==2]
32 int X = X[Y==3]
33 e l ec X = X[Y==4]
34 exp X = X[Y==5]
35 in s t X = X[Y==6]
36 f o lk X = X[Y==7]
37 c l a s s X = X[Y==8]
38 jazz X = X[Y==9]
39 blues X = X[Y==10]
40 hi s t X = X[Y==11]
41 nan X = X[ pd . i sna (Y) ]
42

43 #Samples without top genre are useless in this experiment

44 #Use genres with at least 200 samples

45 g e n r e l a b e l s= [ ’ Rock ’ , ’ E l e c t r o n i c ’ , ’Hip−hop ’ , ’ Folk ’ , ’
H i s t o r i c ’ , ’Pop ’ , ’ C l a s s i c a l ’ ]

46 data s e t s = [ rock X , e lec X , hiphop X , fo lk X , hist X , pop X
, c l a s s X ]

47

48 c = len ( da ta s e t s )

A.2 GP Code (Python)

1 import gpf low
2 import t en s o r f l ow as t f
3

4 t e s t s i z e = 120
5 c = 7
6 f = 8
7

8 def g p t e s t ( X train , Y train , X test , Y test , k e rne l ) :
9 """This method i n i t i a l i z e s an GP with a kerne l , t r a i n s

i t with X tra in and Y tra in and t e s t s i t with X tes t
and Y t e s t .

10

11 Input Arguments : X tra in ( array : n by f ) , Y tra in (
array : n by 1) , X tes t ( array : m by f ) , Y tes t (
array : m by 1) , k e rne l

12 Returns : accuracy o f the GP’ s p r e d i c t i o n
13 """

14 # Robustmax M u l t i c l a s s L ike l i hood
15 i n v l i n k = gpf low . l i ke l ihoods .RobustMax ( c ) # Robustmax

i n v e r s e l i n k func t i on
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16 l i k e l i h o o d = g p f l o w . l i k e l i h o o d s . M u l t i C l a s s ( c , i n v l i n k=
i n v l i n k ) # M u l t i c l a s s l i k e l i h o o d

17 data = ( X train , Y tra in )
18

19 m = gpflow.models.VGP (
20 data ,
21 ke rne l=kerne l ,
22 l i k e l i h o o d=l i k e l i h o o d ,
23 num latent gps=c ,
24 )
25

26 #Optimize model
27 opt imize r = g p f l o w . o p t i m i z e r s . S c i p y ( )
28 opt imize r .min imize ( m . t r a i n i n g l o s s ,

m . t r a i n a b l e v a r i a b l e s , opt i ons={"maxiter" : 100})
29

30 pred , var = m.pred i c t y ( X tes t )
31 pred = np.argmax ( pred , a x i s =1)
32 c o r r e c t = np.sum ( pred == Y test [ : , 0 ] )
33 accuracy = ( c o r r e c t/Y tes t . shape [ 0 ] ) ∗100
34 re turn accuracy
35

36 de f run exper iment3 ( dataset s , t r i a l s ) :
37 """This method c r e a t e s X train , X test , Y tra in and

Y tes t f o r each t r i a l , and f i n d s the a c c u r a c i e s GP
y i e l d s with each ke rne l

38

39 Input Arguments : da ta s e t s ( l i s t o f a r rays ) , t r i a l s (
i n t e g e r )

40 Returns : array o f a c c u r a c i e s
41 """

42 t r a i n s i z e s = np.array ( [ 2 0 , 40 , 60 , 80 , 1 0 0 ] )
43 n k e r n e l s = 4
44 m a x t r a i n s i z e = t r a i n s i z e s [ 4 ]
45 c o n d i t i o n s = t r a i n s i z e s . s h a p e [ 0 ]
46 a c c u r a c i e s g p = np.empty ( ( n ke rne l s , cond i t i ons , t r i a l s

) )
47 f o r i in range ( t r i a l s ) :
48 #I n i t i a l i z e X tra in and X tes t
49 X tra in = [ ]
50 X test = [ ]
51 #F i l l them with samples from each c l a s s
52 f o r d in da ta s e t s :
53 d2 = np.copy (d)
54 random.shu f f l e ( d2 )
55 t e s t=d2 [ : t e s t s i z e ]
56 X test .append ( t e s t )
57 t r a i n=d2 [ t e s t s i z e : t e s t s i z e+m a x t r a i n s i z e ]
58 X train .append ( t r a i n )
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59

60 #Create Y tes t
61 X test = np.concatenate ( X tes t )
62 Y test = np . z e r o s ( ( t e s t s i z e ∗c , 1) )
63 f o r k in range ( c ) :
64 Y test [ k∗ t e s t s i z e : ( k+1)∗ t e s t s i z e , 0 ] = k
65

66 #S h u f f l e X tes t and Y tes t
67 idx = np.arange ( c∗ t e s t s i z e )
68 np . random. shu f f l e ( idx )
69 Y test = Y test [ idx ]
70 X test = X test [ idx ]
71

72 X tra in = np.asar ray ( X tra in )
73

74 f o r j in range ( c o n d i t i o n s ) :
75 #Take the amount o f samples f o r t h i s cond i t i on
76 t r a i n s i z e = t r a i n s i z e s [ j ]
77 X tra in2 = np.concatenate ( X tra in [ : , 0 :

t r a i n s i z e ] )
78 Y tra in = np . z e r o s ( ( t r a i n s i z e ∗c , 1) )
79 #Create Y tra in
80 f o r k in range ( c ) :
81 Y tra in [ k∗ t r a i n s i z e : ( k+1)∗ t r a i n s i z e , 0 ] =

k
82 #S h u f f l e X tra in and Y tra in
83 idx = np.arange ( c∗ t r a i n s i z e )
84 np . random. shu f f l e ( idx )
85 X tra in2 = X tra in2 [ idx ]
86 Y tra in = Y tra in [ idx ]
87

88 #I n i t i a l i z e k e r n e l s
89 k1 = gp f l ow .ke rne l s . SquaredExponent i a l (

l e n g t h s c a l e s =[1 ]∗ f )
90 k2 = gp f l ow .ke rne l s .Mate rn32 ( l e n g t h s c a l e s =[1 ]∗ f

)
91 k3 = g p f l o w . k e r n e l s . L i n e a r ( var iance=0. 1 )
92 k4 = g p f l o w . k e r n e l s . R a t i o n a l Q u a d r a t i c ( var i ance

=0.1 , l e n g t h s c a l e s =[1 ]∗ f )
93 g p k e r n e l s = [ k1 , k2 , k3 , k4 ]
94

95 #Find a c c u r a c i e s f o r each ke rne l
96 f o r n in range ( n k e r n e l s ) :
97 ke rne l = g p k e r n e l s [ n ]
98 a c c u r a c i e s g p [ n , j , i ]= g p t e s t ( X train2 ,

Y train , X test , Y test , k e rne l )
99 re turn a c c u r a c i e s g p

100

101 t r i a l s = 10
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102 e xp3 ac cu ra c i e s = run exper iment3 ( dataset s , t r i a l s )

A.3 SVM Code (Python)

1 from s k l e a rn import svm
2

3 t e s t s i z e = 120
4 c = 7
5 f = 8
6

7 def svm test ( X train , Y train , X test , Y test , k e rne l ) :
8 """This method i n i t i a l i z e s an SVM with a kerne l , t r a i n s

i t with X tra in and Y tra in and t e s t s i t with X tes t
and Y t e s t .

9

10 Input Arguments : X tra in ( array : n by f ) , Y tra in (
array : n by 1) , X tes t ( array : m by f ) , Y tes t (
array : m by 1) , k e rne l

11 Returns : accuracy o f the SVM’ s p r e d i c t i o n
12 """

13 # I n i t i a l i z e SVM
14 svm model = svm.SVC( ke rne l=ke rne l )
15 Y tra in = Y tr a in . r e sh ape ( Y tra in . shape [ 0 ] )
16 # Train SVM
17 svm mode l . f i t ( X train , Y tra in )
18 # Test SVM
19 pred = svm model .pred ict ( X tes t )
20 c o r r e c t = np.sum ( pred == Y test [ : , 0 ] )
21 accuracy = ( c o r r e c t/Y tes t . shape [ 0 ] ) ∗100
22 re turn accuracy
23

24 de f run exper iment2 ( dataset s , svm kernels , t r i a l s ) :
25 """This method c r e a t e s X train , X test , Y tra in and

Y tes t f o r each t r i a l , and f i n d s the a c c u r a c i e s SVM
y i e l d s with each ke rne l

26

27 Input Arguments : da ta s e t s ( l i s t o f a r rays ) , svm kerne l s
( l i s t o f k e r n e l s compatible with SVM) , t r i a l s (

i n t e g e r )
28 Returns : array o f a c c u r a c i e s
29 """

30 t r a i n s i z e s = np.array ( [ 2 0 , 40 , 60 , 80 , 1 0 0 ] )
31 n k e r n e l s = len ( svm kerne l s )
32 m a x t r a i n s i z e = t r a i n s i z e s [ 4 ]
33 c o n d i t i o n s = t r a i n s i z e s . s h a p e [ 0 ]
34 accurac i e s svm = np.empty ( ( n ke rne l s , cond i t i ons , t r i a l s )

)
35 f o r i in range ( t r i a l s ) :
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36 #I n i t i a l i z e X tra in and X tes t
37 X tra in = [ ]
38 X test = [ ]
39

40 #F i l l them with samples from each c l a s s
41 f o r d in da ta s e t s :
42 d2 = np.copy (d)
43 random.shu f f l e ( d2 )
44 t e s t=d2 [ : t e s t s i z e ]
45 X test .append ( t e s t )
46 t r a i n=d2 [ t e s t s i z e : t e s t s i z e+m a x t r a i n s i z e ]
47 X train .append ( t r a i n )
48

49 #Create Y tes t
50 X test = np.concatenate ( X tes t )
51 Y test = np . z e r o s ( ( t e s t s i z e ∗c , 1) )
52 f o r k in range ( c ) :
53 Y test [ k∗ t e s t s i z e : ( k+1)∗ t e s t s i z e , 0 ] = k
54

55 #S h u f f l e X tes t and Y tes t
56 idx = np.arange ( c∗ t e s t s i z e )
57 np . random. shu f f l e ( idx )
58 Y test = Y test [ idx ]
59 X test = X test [ idx ]
60

61 #Create d i f f e r e n t X tra in
62 X tra in = np .asar ray ( X tra in )
63

64 f o r j in range ( c o n d i t i o n s ) :
65 t r a i n s i z e = t r a i n s i z e s [ j ]
66 X tra in2 = np.concatenate ( X tra in [ : , 0 : t r a i n s i z e ] )
67 Y tra in = np . z e r o s ( ( t r a i n s i z e ∗c , 1) )
68 f o r k in range ( c ) :
69 Y tra in [ k∗ t r a i n s i z e : ( k+1)∗ t r a i n s i z e , 0 ] = k
70 idx = np.arange ( c∗ t r a i n s i z e )
71 np . random. shu f f l e ( idx )
72 X tra in2 = X tra in2 [ idx ]
73 Y tra in = Y tra in [ idx ]
74 f o r n in range ( n k e r n e l s ) :
75 ke rne l = svm kerne l s [ n ]
76 accurac i e s svm [ n , j , i ]= svm test ( X train2 , Y train ,

X test , Y test , k e rne l )
77 re turn accurac i e s svm
78

79 svm kerne l s =[ ’ l i n e a r ’ , ’ r b f ’ , ’ poly ’ ]
80 t r i a l s = 50
81 e xp2 ac cu ra c i e s = run exper iment2 ( dataset s , svm kernels ,

t r i a l s )

26



A.4 Gibbs Sampler Code (R)

1 require ( r j a g s )
2 require ( coda )
3

4 # THE DATA

5 X tra in ← Training [ , 1 : 8 ]
6 Y tra in ← Training [ , 9 ]
7 X test ← Test ing [ , 1 : 8 ]
8 Y test ← Test ing [ , 9 ]
9 f ← 8

10 c ← 7
11 n ← nrow( X tra in )
12 m← nrow( X tes t )
13

14 # THE MODEL

15 mode l 1 . s t r i ng = "

16 model {
17 ## Prior

18 alpha ← c (1 , 1 , 1 , 1 , 1 , 1 , 1)
19 p ∼ ddirch ( alpha )
20

21 for ( i in 1 :m) {
22 g [ i ] ∼ dcat (p)
23 }
24

25 for ( i in 1 : c ) {
26 for ( j in 1 : f ) {
27 mu[ i , j ] ∼ dbeta (1 , 1)
28 sigma [ i , j ] ∼ dgamma(0 .1 , 0 . 1 )
29 a0 [ i , j ] ← mu[ i , j ] ∗sigma [ i , j ] ∧2
30 b0 [ i , j ] ← (1−mu[ i , j ] ) ∗sigma [ i , j ] ∧2
31 a [ i , j ] ← i f e l s e ( a0 [ i , j ]==0, 0 .000001 , a0 [ i , j ] )
32 b [ i , j ] ← i f e l s e ( b0 [ i , j ]==0, 0 .000001 , b0 [ i , j ] )
33 }
34 }
35

36 ## Likelihood

37 for ( i in 1 : n ) {
38 for ( j in 1 : f ) {
39 X tra in [ i , j ] ∼ dbeta ( a [ Y tra in [ i ] , j ] , b [

Y tra in [ i ] , j ] )
40 }
41 }
42

43 for ( i in 1 :m) {
44 for ( j in 1 : f ) {
45 X test [ i , j ] ∼ dbeta ( a [ g [ i ] , j ] , b [ g [ i ] , j ] )
46 }
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47 }
48 }"
49

50 model1 . spec = textConnect ion ( mode l 1 . s t r i ng )
51 mcmciterat ions = 1000
52 jagsmodel ← j ag s .mode l ( model1.spec ,
53 data = l i s t ( ’ X tra in ’ = X train ,
54 ’ X tes t ’ = X test ,
55 ’ Y tra in ’ = Y train ,
56 ’ f ’ = f ,
57 ’ c ’ = c ,
58 ’ n ’ = n ,
59 ’m’ = m) ,
60 n . cha in s = 4
61 )
62

63 model1samples = coda.samples ( jagsmodel ,
64 c ( ’ g ’ ) ,
65 n . i t e r = mcmciterat ions )
66

67 # Find accuracy

68 samplesMatrix = as .mat r ix ( model1samples )
69 acc ← c ( )
70 for ( i in 1 :nrow( samplesMatrix ) ) {
71 acc [ i ] ← sum( samplesMatrix [ i ,]== Y test )/m
72 }
73

74 # Remove burn-in samples

75 acc ← acc [ −c ( 1 : 2 0 0 ) ]
76 acc ← acc [ −c(1000 :1200) ]
77 acc ← acc [ −c(2000 :2200) ]
78 acc ← acc [ −c(3000 :3200) ]
79 mean( acc )
80 sd ( acc )
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