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ABSTRACT. Music genre classification is a key link in music information retrieval. Tra-
ditional music genre classification models need to extract music signal features for pro-
cessing, leading to difficulties in global feature extraction and poor model classification
performance. Aiming at the above issues, this article suggests a bimodal music genre
classification model based on the convolutional attention mechanism. Firstly, for the
insufficient global feature extraction ability of CNN, the original ordinary convolution
operation s replaced by residual structure, and the network model is deepened to avoid
model degradation problems such as gradient disappearance and ensure the effectiveness
of the model. Secondly, the sound of the music is transformed by Fourier transform to
form the acoustic spectrogram, and the spectral energy is obtained by preprocessing the
spectrum of the music, and the local features of the acoustic spectrogram are extracted
through the multi-channel convolutional attention mechanism to connect with the audio
timing data before and after, and then use the mutual attention mechanism to fuse the
feature data of the two modalities and fully learn the feature correlation between different
modalities, and the fused features are inputted into the Softplus classifier, to output the
classification outcome of music genres. FExperimental outcome on the GTZAN dataset
implies that the classification accuracy of the designed model is 4% to 12% higher than
the other three deep learning models.

Keywords: music genre classification; convolutional neural network; attention mecha-
nism; residual structure; feature extraction

1. Introduction. Music genres are different music style categories formed in different
time, different regions and different cultures, which form personalised factions through
different musical elements such as melodies, rhythms, tunes, harmonies, etc. in a unique
organisational form, for example, jazz, classical, and rock are different music genres [1]. As
the Internet technology rapidly growing, almost all music has been digitized and uploaded
to the Internet. People’s demand for music appreciation is also gradually increasing, and
multimedia technology is facing a brand new innovation, showing the trend of massive, fast
and intelligent. Early manual classification and annotation is far from being able to keep

up with the update speed of network data, which consumes a lot of time, manpower and
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money [2, 3]. The increasingly large digital music databases need intelligent classification
management and storage, so the Music Information Retrieval (MIR) system and the
music genre classification system have received more and more extensive attention from
the society and the academia, and the music genre classification has been an emerging
research topic [4].

1.1. Related work. At the beginning of MIR research, researchers used traditional ma-
chine learning methods to solve the music genre classification problem. Nasridinov and
Park [5] combined pitch, timbre and rhythm attributes into a feature set, and classified
them after selecting the feature set by Gaussian mixture model. Meng et al. [6] extracted
the audio features by processing the mean and autocorrelation coefficients of the original
audio signals, and then used the KNN algorithm for the genre attribute discrimination.
Baniya and Lee [7] introduced audio features such as spectral variance, combined with
principal component analysis and sparse coding theory for dimensionality reduction, and
analyzed and investigated sparse representation for model classification. Mutiara et al. [§]
used scale-invariant feature transform for extracting music features, and combined with
support vector machine for genre classification. Nanni et al. [9] explored the relationship
between timbre and rhythmic features and the classification effect, and combined multi-
ple features for SVM classification, which achieved good accuracy. Traditional machine
learning has proved the effect of automatic genre classification in the field of music genre
classification, but there are problems such as easy overfitting and difficulty in handling
large-scale samples [10]. With the development of deep learning, neural network-based
genre classification methods can effectively solve the above problems. Liu et al. [11] ap-
plied Deep Belief Networks (DBNs) to discriminate music authors, differentiate music
genres and other music retrieval related tasks. Patil et al. [12] used BP neural networks
to learn and classify Mel frequency cepstrum coefficients of music in an end-to-end man-
ner. Hongdan et al. [13] used LSTM for music genre classification and combined them
with SVM classifiers to enhance their performance. Yu et al. [14] proposed the use of
RNN to extract the features while augmenting the features with attention mechanism for
classification, but the underlying characteristics of music are ignored, leading to ineffi-
cient classification. Singh and Biswas [15] extracted multiple features of audio content as
feature data and classified the features with the help of BP neural network. content with
multiple features as feature data and used RNN algorithm for music genre classification.
Compared to neural networks such as BP, LSTM, DBN, CNNs have an advantage in clas-
sification algorithms by reducing the number of parameters required for training through
sensory wildcard and weight sharing. Reeja and Yaseen [16] learned and classified the
Mel’s inverted spectral coefficients of audio signals through CNNs. Oramas et al. [17]
designed a convolutional neural network based on 1D convolution and 1D max-pooling,
and verified the effectiveness of Mel’s spectrum in feature representation in the feature
preprocessing stage. Yang et al. [18] incorporated an attention mechanism into the CNN,
which enables it to better adapt to the data that is closely connected with the data before
and after the audio signals, etc. Mangolin et al. [19] used a two-channel CNN to fuse
audio and lyrics semantic modalities for music genre classification.

1.2. Contribution. Audio features are very different from image classification in com-
puter vision tasks. Previous models on audio feature extraction are difficult to auto-
matically design appropriate features for a specific task; and methods based on acoustic
spectrograms tend to ignore the underlying features of audio. To address these issues,
this article suggests a bimodal music genre classification model based on convolutional
attention mechanism. The CNN is first optimized (OCNN) using residual structure and
Leaky ReLU to ensure the effectiveness of the model while enhancing the highly abstract
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Figure 1. Convolution operation computational procedure

extraction of genre features. Then the sound and spectrum of the music are preprocessed
to obtain the spectrogram and audio energy, and the features of the two modes are ex-
tracted by the multi-channel convolutional attention mechanism and OCNN, which take
into account the multiple characteristics of the audio data. Using the mutual attention
mechanism to fuse the feature data of the two modalities and input the fused features
into the Softplus classifier to output the categories of music genres. The experimental
outcome indicates that the designed model exhibits excellent classification performance
with high classification accuracy and low classification time.

2. Related theoretical analysis.

2.1. Convolutional neural network. The CNN network structure is sparsely con-
nected and makes the network layer translation invariant through parameter sharing
[20]. In addition, CNNs can autonomously acquire key information from the learning
samples; have better fault tolerance, allowing for distorted or missing samples [21]. The
main components of CNNs are implied as bellow. (1) Input level, which is the sample
data fed into the network for training and testing. (2) Convolutional level, i.e. feature
extractor, which only focuses on the local features of the input object, the weights of the
convolution kernel will not change when it is convolved with different regions of the input
feature vector of the level, which can effectively reduce the parameters in the network.
Figure 1 represents the process of convolution operation on a two-dimensional tensor with
a single convolution kernel.

(3) Pooling level: compressing the feature representation input to this level can firstly
make the dimension of the feature representation smaller and reduce the complexity of
the network; secondly, compressing the features learnt by the network, so as to be able to
extract the significant features from the graph. (4) Fully connected level: all the features
are connected and the results obtained from this level will be output to the classifier for
classification.

2.2. Attention mechanism. The fully-connected layer in CNN needs to reallocate the
weights when dealing with input sequences with long time series, which will result in
difficult and time-consuming computation. AM is able to “dynamically” allocate the
weights of different connections [22], and usually adopts the QKV (Query-Key-Value)
mode. The calculation process is indicated in Figure 2.

Assuming that the input sequence is X = [z1,...,2zx] € RP=*N and the output se-
quence is H = [hy,...,hy] € RPN each input is mapped to three different spaces to
obtain three vectors: the query vector ¢; € RP*, the key vector k; € RP*, and the value
vector v; € RP*. The inputs are mapped to three different spaces.
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Figure 2. The computational process of the attentional mechanism

Attention(Q, K, V') = softmax (Cf/f(;_: ) (1)

where Q = W, X, K =W; X, V =W,X, and W denotes the weights.

3. Optimization of convolutional neural networks incorporating residual struc-
ture and LeakyReLU. CNN carries out repeated convolution operations by stacking
convolution kernels, but it has been found that too much increase in the number of net-
work layers will bring problems such as gradient vanishing; for such problems, the current
solution is to add batch normalization [23], but it will directly lead to a lower accuracy
rate on the music training set. The residual structure can avoid the network degradation
problem while enhancing the feature extraction capability of audio spectrogram. The
residual structure allows the model to skip these network layers and directly accept the
audio spectrogram signal transmission from the upper layers [24], preserving integrity of
the information, which can be expressed as follows.

T+l = T + F(ZEk, Vkl) (2)

where xy1 denotes the input of level k£ + 1 of the network, which can also be regarded as
the output of level z; of the network, and F(xy, V}!) denotes the convolution operation of
the CNN.

The characteristics of the deep cell K can be expressed recursively as bellow.

K—1
i=k
The above residual structure is applied to the convolutional layer, and the neurons with
larger feedback are relatively enlarged, and the neurons with smaller response are sup-
pressed, so as to improve the generalization ability of image classification and recognition.
The calculation equation is as bellow.
. al
b, = (4)
Yy min(N=1,i+n/2) /5 \2\?
(k T Zj:max(O,i—n/Q) (aag’y) >
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where biy represents the neurons obtained by local response normalization; a;y represents
the i-th convolution kernel in position (z,y) to get the element in the feature graph; n is
the number of adjacent convolution; N represents the total number of convolution nuclei
in a certain level. k£, n, a is a hyperparameter.

Subsequently, the activation function ReLU function of the convolutional layer is re-
placed with the Leaky ReLU function [25], and the equation is as bellow.

f(z) = {O'le’ z<0_ max(0.01z, z) (5)
x, x>0

When Leaky ReLU takes the value in the negative interval, the output value is not 0,

which avoids the problem of neurons not learning after the ReLU function enters the

negative interval, and thus effectively solves the necrosis problem of neurons brought by

the ReLLU function. Therefore, in the process of feature extraction, Leaky ReLLU function

can effectively improve the integrity and utilization of feature information.

To avoid overfitting during the training process, a random regularization (Dropout) [26]
is applied between the fully connected layers, where neurons in the hidden layer of the
network are randomly deleted with probability p during forward propagation. Then the
back propagation is performed to update the parameters and restore the deleted neurons,
keeping the number of input and output neurons constant and reducing the interactions
between neurons.

g(kz) — k) y(kz) (6)
Z(k+1) _ Wi(k+1)g(k) + bz(k+1) (7)

where k denotes the number of hidden layers, Bernoulli(p) generates the probability vector
r, y denotes the intermediate result after stopping some of the neurons with probability
r, z denotes the vector of inputs into level k. w and b denotes the weights and biases in
level k.

The Softplus [27] classifier is added after the fully connected layer of extracted features
for feature classification. Softplus is calculated as bellow.

Softplus(x) = % * log(1 + exp(S * z)) (8)

where [ is the hyperparameter.

Compared with Softmax, Softplus has the advantages of unilateral inhibition and rel-
atively wide excitation boundary. Its continuous conductivity in the definition domain
allows the gradient to propagate over the entire definition domain, which improves the
classification performance of the model.

4. Bimodal music genre classification model based on convolutional attention
mechanism.

4.1. Acoustic spectrograms of music and music signal pre-processing. Based
on the above optimized CNN, this article suggests a bimodal music genre classification
model based on the convolutional attention mechanism. In this model, the sound of mu-
sic is Fourier transformed to form the acoustic spectrogram, and the spectrum of music
is preprocessed to obtain the spectral energy, after which the data of the two modali-
ties are feature extracted by the multi-channel convolutional attention mechanism and
optimized CNN respectively, which comprehensively consider the multiple characteristics
of the audio data, and then the feature data of the two modalities are fused by using
the inter-attention mechanism and the correlation of the features between the different
modalities is fully learnt, and finally the fused features are input to the Softplus classifier
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Figure 3. The designed music genre classification model

to output the category of the music genre. The suggested music genre classification model
is implied in Figure 3

Music is both a sound and an art form, containing both sound and music characteristics,
and this article pre-processes these two attributes separately.

(1) Sound pre-processing. The sound of music is processed by Fourier transform to
form a sound spectrogram in the following steps.

Step1: Pre-Emphasis. The high frequency part of the signal is amplified by the pre-
emphasis filter, and the processed digital audio signal can make the signal-to-noise ratio
become balanced while highlighting the high frequency resonance peaks.

Step2: Split frame. Split the speech into frames from the beginning, intercept N samples
as a frame, move N — M samples, starting from the N — M-th sample point as the header
of the next frame, each move to form a frame.

Step3: Add Window. Suppose the signal after frame splitting is S(n), n =0,1,..., N —
1, where N is the size of the frame. After multiplying the Hamming window, w(n) is as
bellow.

w(n) = 0.54 — 0.46 cos< ]\fﬂ_"l) 9)

Step4: Perform a Fast Fourier transform (FFT) on S(n). By FFT the signal will be
converted from time domain to frequency domain and then logarithmically transformed
to Fourier inverse transform with the following equation.

S(m,w) = Z z[n] - wln —m] - exp(—jwn) (10)

After the above four steps of processing, each sound clip is transformed into an acoustic
spectrogram characterized by aspects such as chroma, pitch and intensity.

(2) Music data preprocessing. Firstly, the spectrum of the music signal is squared to
obtain the spectral energy, and the energy spectrum is passed through a set of triangular
band-pass Mel-frequency filters to obtain the logarithmic energy of the output of each
triangular filter, a total of K.

E(k) :ln<N2_:1|X(n)|2H(n)), k=1,2,3,....K (11)
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The filter output energy is logarithmic and its discrete cosine transformation is calcu-
lated to obtain the pre-processed data.

Zcos( (k= 05) )Ek (12)

where E) denotes the value of the inner product of the frequency energy and the delta
Mel frequency filter, and N is the number of delta filters.

4.2. Bimodal feature extraction for music based on convolutional attention
mechanism. On the basis of the above pre-processing of sound and music signals, this
paper extracts the two modal features of the acoustic spectrograms and music signals
using channel CNN fused with self-attention mechanism and OCNN respectively.

(1) Feature extraction of acoustic spectrograms The number of CNN channels
represents the size of the convolutional kernel in each convolutional layer. Each channel
is an abstraction of the original image. As the number of channels increases, the loss
of the acoustic spectrogram decreases. In the first three layers of the CNN, we need to
obtain more local features from the acoustic spectrogram, so we choose 32, 64, and 128
channels, respectively. In the last two layers, we use the number of channels of 256 and
128 to accelerate the size reduction of the feature maps so that the network can capture
the global features.

The model generates each frame of the acoustic spectrogram X from the sample through
a channel CNN for feature representation and splices it in the timing, and the size of the
output vectors H depends on W, F P, and S. The equation is as bellow.

— F+42P
H:WTJFJA (13)

where W denotes the input size, ' denotes the convolution kernel size, P denotes the
filling size, and S denotes the step size.

During feature extraction, each local feature of the input is first computed using the
residual convolution kernel of a single channel CNN as shown in Equation (14). The
computed features are then vertically concatenated as shown in Equation (15). Finally,
the results are nonlinearly computed by the Leaky ReLU activation function to obtain
the final residual convolutional features as shown in Equation (16), where Wg denotes
the residual convolutional kernel with height F', b indicates deviation, H is the size of the
output vectors, and h denotes the nonlinear computation.

hp(i) = f(We- X(i:i4+ F—1)+b) (14)
hr =[hp(1); hp(2); ... hr(H)] (15)
h, = LeakyReLU| hr | (16)

To enhance the key features of each channel, the self-attention mechanism is used to
compute an attention score corresponding to it for each feature extracted on the CNN of
each channel using the following formula.

)
Thy= ——— "/
' Zj eXp(f(Tj))
where e; denotes the attention score assigned to the i-th feature vector, r;,r; denotes
the attention weight value, F = {e1,es,..., €.}, h; are the i-th feature vectors of h,..
After obtaining the feature weights for each channel, the key feature information ob-

tained for each channel is aggregated using two fully connected layers to obtain the final
key features as follows.

(17)

€; =
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h* = €Ty (18)
(2) Music data feature extraction. After preprocessing, the music data X' is firstly
subjected to convolution operation, and the convolution feature F'¢ can be denoted as
F¢ = X'« K+b, where K is the residual convolution kernel, b is the bias, and * denotes the
convolution operation. After that, the pooling operation is performed on the convolutional
feature F'“, and the pooled feature can be denoted as F¥' = pool(F“). At the same time,
the nonlinear feature I’V can be obtained by Leaky ReLU as FV = LeakyReLU(FT).
Therefore, the feature node Z can be denoted as follows.

7 = LeakyReLU(FNW + 3) (19)

where W and g are the weights and biases of the fully connected layer. Assuming that
there are n groups of audio feature nodes embedded by CNN, the i-th feature node is
named as Z;. All feature nodes can be denoted as Z" = [Z1, Zs, ..., Z,], so that the m
groups of feature nodes can be expressed as in Equation (20), where W), and g, are
randomly generated, £ denotes hyperparameter

hn = E(Z" Wi, + Bh,) (20)

4.3. Bimodal feature fusion and genre classification in music. In general, the
feature fusion is a direct splicing of the eigenvectors of different modes, which cannot
consider the differences between different modes and the different weights of modes in
decision making well. Therefore, this article adopts the mutual attention mechanism of
feature fusion, and the specific formulas are as bellow.

* T
Fr = softmax(m> h* (21)
e
*\T
F" = softmax(M) hom, (22)
Vj,
F,» = Concat(F*, F,,) (23)

where h* is the feature of the spectrogram and h,, is the audio feature of the music.
The mutual attention feature F of the spectrogram on the music and the mutual atten-
tion feature F" of the music on the spectrogram are obtained through the computation,
and finally the spectrogram—music mutual attention feature F;,- is obtained through the
cascade of vectors.

F,,+ is used as the input to Softplus’s classifier to classify music genres. Assuming a
total of K labels and V'#P! denoting the parameter matrix of Softplus, the distribution
of classes can be predicted based on the following equation.

y = Softplus(V**'F,,..) (24)

where y is a k-dimensional output level representation and each dimension represents the
predicted probability value for each label.

The fusion feature F),« obtained above consists of randomly selected anchors g’ with
positive intraclass samples gfo and negative interclass samples g’ . Therefore, a large num-
ber of sample pairs D(g}, g,) — D(g}, gi,) with different spacing distances {g, g, g, } are
constructed in each iteration for robust embedding optimisation. In order to achieve
intra-class tightness and inter-class separation, all retained sample pairs have to meet the
final optimization objective.

D(g..g5) +a < D(g.. g,) (25)
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Figure 4. Histogram comparing the classification accuracy of different features

According to the idea of Attentional Comparative Learning (ACL), attention weights
are generated for the edge distances, and higher weights should be given to difficult sample
pairs with larger distances if D(g!, gf,) > D(gl,g%), in order to gain more attention.
Therefore, under the guidance of ACL, the learning loss of the designed model is as
bellow.

M

Lact =Y _ar max(D(gl, g,) — D(gh, gh) + , 0) (26)

i=1
5. Performance testing and analysis.

5.1. Analysis of classification results for different features. The experiments in
this article are mainly conducted on a server configured with Intel Core i7 2.9 GHz Cen-
tral Processing Unit (CPU) + Nvidia GeForce GTX 2080 Ti GPU, and in addition, the
TensorFlow deep learning framework based on the Python language is used to build the
models for the comparison experiments. The experiments use the open-source GTZAN
dataset [28], which is a public dataset commonly used in the field of music genre recog-
nition and contains 800 music data, including Blues, Classical, Country, Disco, Hiphop,
Jazz, Metal, Pop, and a total of eight music genres. The dataset is divided into training
set, validation set and test set, of which 70% is training set, 20% is validation set and
10% is test set. The Adam Optimizer was used for model training, with a learning rate
of 0.0003, Epochs set to 300, BatchSize set to 128, and GPU accelerated training.

This article compares the classification performance of acoustic spectrogram features,
audio features, and their fusion features applied to GTZAN music database through
simulation experiments. Figure 4 implies the histogram of the classification accuracy
of music genres under the three features. The fusion of the two modalities of sound
spectrogram and audio was generally higher than that of the single-modality approach,
and the classification accuracy was better in each genre, especially in hip-hop, metal, and
pop, but not in blues and jazz. The reason is that the vocal part of blues is low and the
frequency is concentrated in the low frequency, which is not easy to be extracted, and
the characteristics of the whole time-frequency plane are not prominent enough, while
the frequency components of jazz have small harmonic gaps and short time, and there
are frequent pitch changes, which makes it easier to distort the timbres in the feature
extraction.
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Table 1. Overall comparison of the classification effects of different features

Features Maximum (%) Minimum (%) Average (%)

ASF 84.2 65.2 81.5
AF 80.3 67.2 4.7
IF 92.4 74.8 88.9

A comparison of the highest, lowest, and average classification accuracies for the acous-
tic spectrogram feature (ASF), the audio feature (AF), and the proposed fusion feature
(IF) is given in Table 1.

5.2. Comparative analysis of classification performance. To evaluate the classifi-
cation performance of the proposed model MG-CAM, this paper conducts comparative
experiments with the NMM-DN model [12], the DA-MGC model [14] and the MAL-GC
model [19] with respect to classification accuracy, training time, classification time, and
ROC curve [29]. The comparison of classification performance metrics of different models
is given in Table 2. As can be seen from the table, MG-CAM has the shortest training
time and classification time, and the highest classification accuracy of 89.3%, which is
an improvement of 11.2%, 8.8%, and 4.6% compared to the NMM-DN, DA-MGC, and
MAL-GC models, respectively.

NMM-DN is based on BP neural network to classify music genres, which only consid-
ers the audio features of music, resulting in inefficient classification. DA-MGC extracts
single modal features and uses the attention mechanism to assign weights to the features
and performs important feature enhancement, which is used as an input to the RNN to
achieve the classification of music genres, which fails to consider the multimodal features
of music, resulting in poorer classification performance than the MAL-GC and MG-CAM.
Although MAL-GC extracts and classifies the two modal features of music through a two-
channel CNN, it does not amplify the key features and does not optimize the CNN, so
the classification accuracy is lower than that of MG-CAM, which makes use of the con-
volutional attention mechanism to extract the features of the two modes of data, and
takes into account the multiple characteristics of the audio data, so as to improve the
classification performance.

Table 2. Performance comparison of different music genre classification models

Model Accuracy (%) Training time (s) Classification time (s)

NMM-DN 78.1 8.02 7.35
DA-MGC 80.5 6.93 6.81
MAL-GC 84.7 4.75 3.65
MG-CAM 89.3 3.17 1.98

Comparison of the ROC curves of different music genre classification models is implied
in Figure 5, where the curve is located in the coordinate graph, the horizontal axis is the
False Positive Rate (FPR), and the vertical axis is the True Positive Rate (TPR). The
AUC value represents the size of the area below the ROC curve, and the larger the AUC
value is, the better the classification effect is. The AUC values of NMM-DN, DA-MGC,
MAL-GC and MG-CAM are 0.729, 0.794, 0.892 and 0.936, respectively, and it can be
concluded that MG-CAM is the best in the task of categorizing the four music genres,
with an AUC value closest to 1. The classification ability of NMM-DN and DA-MGC is
weaker than that of MAL-GC and MG-CAM. Overall, the values of the ROC curves of
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Figure 5. Comparison of ROC curves for different models

each model are above the invalid ROC curves, which proves the validity and some degree
of superiority of the various models.

6. Conclusion. In the field of music information retrieval (MIR), classification based
on music genres is a challenging task. Existing music genre classification methods suffer
from the problems of partial data not suitable for the model and the difficulty of global
feature extraction. For this reason, this paper fuses two modalities, music spectrogram
and audio feature time-series data, and proposes a bimodal music genre classification
model based on the convolutional attention mechanism. The CNN is first optimized
using residual structure and Leaky ReLU to enhance the extraction of highly abstracted
genre features. Based on this, the sound and spectrum of the music are preprocessed, and
a convolutional attention mechanism is used to extract the link between the local features
of the sound spectrogram and the audio timing data before and after. The feature data
of the two modalities are fused using the mutual attention mechanism and fed into a
Softplus classifier to output the categories of music genres. Comparative experiments
were conducted based on GTZAN dataset, and the results indicate that the suggested
model has the classification accuracy and AUC value of 89.3
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