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(57) Abstract: The present disclosure describes techniques for identifying music at-
tributes. The described techniques comprises receiving audio data of a piece of music;
determining at least one attribute of the piece of music based on the audio data of the
piece of music using a model, the model comprising a convolutional neural network
and a transformer; the model being pre-trained using training data, wherein the training
data comprise labelled data associated with a first plurality of music samples and unla-
belled data associated with a second plurality of music samples, the labelled data com-
prise audio data of the first plurality of music samples and label information indicative
of attributes of the first plurality of music samples, and the unlabelled data comprise
audio data of the second plurality of music samples.
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IDENTIFYING MUSIC ATTRIBUTES BASED ON AUDIO DATA

BACKGROUND

[1] Music classification plays an important role in understanding music semantics and
music recommendation. There is a strong demand of music classification from industries that
have music recommendation service based on larger-scale music libraries. However,
conventional music classification techniques may not fulfil needs of the industries due to various

limitations. Therefore, improvements in music classification techniques are needed.

BRIEF DESCRIPTION OF THE DRAWINGS

[2] The accompanying drawings, which are incorporated in and constitute a part of
this specification, illustrate embodiments and together with the description, serve to explain the
principles of the methods and systems:

[3] FIG. 1 is a schematic diagram illustrating an example system for use in
accordance with the present disclosure.

(4] FIG. 2 illustrates an example model of Music Tagging Transformer that may be
used in accordance with the present disclosure.

[5] FIG. 3 illustrates an example front end of Music Tagging Transformer that may
be used in accordance with the present disclosure.

[6] FIGS. 4a-b illustrate an example process for noisy student training that may be
used in accordance with the present disclosure.

[7] FIG. 5 illustrates an example pseudocode of noisy student training that may be
used in accordance with the present disclosure.

[8] FIG. 6 illustrates an example process for training and applying a Music Tagging
Transformer model that may be used in accordance with the present disclosure.

[9] FIG. 7 illustrates an example process for training a Music Tagging Transformer
model that may be used in accordance with the present disclosure.

[10] FIG. 8 illustrates an example process for applying a Music Tagging Transformer
model that may be used in accordance with the present disclosure.

[11]  FIG. 9 illustrates an example process for applying a Music Tagging Transformer

model that may be used in accordance with the present disclosure.
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[12] FIGS. 10-11 illustrate example tables depicting the varying performance ability of
different music tagging models.

[13] FIG. 12 illustrates example graphs depicting the varying performance ability of
different music tagging models.

[14] FIG. 13 illustrates an example table depicting the performance ability of a Music
Tagging Transformer model that may be used in accordance with the present disclosure.

[15] FIG. 14 illustrates an example computing device that may be used in accordance

with the present disclosure.

DETAILED DESCRIPTION OF ILLUSTRATIVE EMBODIMENTS

[16] Identifying music attributes so as to classify music is essential for music
discovery and music recommendation systems. Automatic music tagging is a classification task
that aims to predict relevant attributes (i.e., tags) for a given piece of music. Based on audio
characteristics of a piece of music, a trained music tagging model may predict appropriate tags
about the piece of music, for example, genre, mood, instrument, region, decade, etc.

[17] Recently, automatic music tagging performance has been improved mostly by
convolutional neural network (CNN) with various deep architectures. However, there are still
some limitations in current music tagging research. For example, there is a limited amount of
labelled data for supervised learning. Labelling music tags is time-consuming, and it requires
domain expertise to label the high-level semantics. A large-scale dataset, the million song dataset
(MSD), which literally includes a million songs, has become popular in music tagging research.
Among the million songs, only about 24% of the songs are labelled with at least one of the top
50 music tags, and about 76% of the songs in the MSD has been discarded in the current music
tagging research. This type of setup, 1.e., small labelled data with large unlabelled data, is not
only limited to the MSD but also can be found in most of real-world data regardless of the
domain. For another example, music signals are in a form of a sequential data, but the current
music tagging models make prediction on short audio chunks (3-5 seconds long), densely
striding max-pooling layers, and a global pooling layer. For instance, to predict music tags of a
3-minute song, the current models split the audio into multiple short audio chunks and the

models make prediction on each chunk. Then, the predictions are simply aggregated through
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majority vote or global average-pooling/max-pooling. That means the models are performing
like bag-of-features models instead of modeling music representation as a sequence.

[18] To address the issues, the present disclosure introduces a Music Tagging
Transformer (MTT) model that is trained with a semi-supervised approach. The Music Tagging
Transformer model comprises two parts: convolutional neural network (CNN) front end and
Transformer back end. The CNN front end captures local audio characteristics in shallow
convolutional layers. Then, the Transformer back end temporally summarizes the sequence of
the extracted features using stacked self-attention layers. It has been proved that the MTT model
outperforms current music tagging models that are based on CNN under a supervised scheme.

[19] The MTT model may be further improved by using noisy student training, a semi-
supervised approach that utilizes both labelled and unlabelled data combined with data
augmentation. It is very meaningful that abundant unlabelled data may be used for music tagging
techniques.

[20]  Additionally, the present disclosure initiates a new split of MSD, i.e., cleaned and
artist-level split (C&A split). The C&A split can alleviate noisy evaluation (i.e., incorrect
evaluation). It can also take the artist information into consideration without causing overly
optimistic evaluation. By using the C&A split, the Music Tagging Transformer model may
utilize the entire audio data of the MSD.

[21] FIG. 1 illustrates an example environment 100 in which the systems and methods
described herein may be implemented. Environment 100 includes a cloud network 102 and at
least one client device 132. Cloud network 102 and client device 132 are in communication via
one or more networks 130. The MTT model may be comprised in either the client device 132 or
a music attribute identification system 114 hosted by the cloud network 102.

[22] It should be appreciated that FIG. 1 is merely illustrative and that other
implementations might be utilized. For instance, the client device 132, the music attribute
identification system 114, or other computing devices may be used singly or in combination to
implement techniques of identifying attributes for music as described in the present disclosure. It
should also be appreciated that network topology illustrated in FIG. 1 has been greatly simplified
and that many more networks, devices, and databases may be utilized to interconnect various

computing systems.
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[23] Cloud network 102 may be located at a data center, such as a single premise, or be
distributed throughout different geographic locations (e.g., at several premises). Cloud network
102 may provide services via the one or more networks 130. Network 130 may comprise one or
more public networks (e.g., the Internet) and/or one or more private networks. A private network
may include a wireless local area network (WLAN), a local area network (LAN), a wide area
network (WAN), a cellular network, or an intranet. Network 130 may comprise wired network(s)
and/or wireless network(s). For example, network 130 may comprise physical links, such as
coaxial cable links, twisted pair cable links, fiber optic links, a combination thereof, and/or the
like. As another example, network 130 may comprise wireless links, such as cellular links,
satellite links, Wi-Fi links and/or the like. Network 130 may comprise a variety of network
devices, such as routers, switches, multiplexers, hubs, modems, bridges, repeaters, firewalls,
proxy devices, and/or the like.

[24] The cloud network 102 may comprise a plurality of computing nodes 116 that
host a variety of services. In an embodiment, the nodes 116 host a music attribute identification
system 114. The nodes 116 may process tasks associated with the music attribute identification
system 114. The plurality of computing nodes 116 may be implemented as one or more
computing devices, one or more processors, one or more virtual computing instances, a
combination thereof, and/or the like. The plurality of computing nodes 116 may be implemented
by one or more computing devices. The one or more computing devices may comprise
virtualized computing instances. The virtualized computing instances may comprise a virtual
machine, such as an emulation of a computer system, operating system, server, and/or the like.
A virtual machine may be loaded by a computing device based on a virtual image and/or other
data defining specific software (e.g., operating systems, specialized applications, servers) for
emulation. Different virtual machines may be loaded and/or terminated on the one or more
computing devices as the demand for different types of processing services changes. A
hypervisor may be implemented to manage the use of different virtual machines on the same
computing device.

[25] Music attribute identification system 114 may implement a number of the
functions and techniques described herein. For example, music attribute identification system
114 may be configured to identify one or more attributes associated with music. Music attribute

identification system 114 may be associated with an entity, such as a music discovery or music
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recommendation platform, seeking to identify attribute(s) associated with music. In an
embodiment, music attribute identification system 114 comprises a MTT model that is trained to
identify one or more attributes associated with music. For example, music attribute identification
system 114 may comprise a MTT model that is trained to identify one or more attributes
associated with music using audio signal 112a or 112b.

[26] Inan embodiment, music attribute identification system 114 trains the MTT
model to identify one or more attributes associated with music. Music attribute identification
system 114 may train the MTT model using training examples. The training examples used to
train the MTT model may be generated in a variety of different ways. For example, the training
examples may be manually generated using manual data entry. The training examples may
additionally, or alternatively, be generated automatically using a computer. The training
examples used to train the MTT model may comprise either positive training examples or a
combination of positive training examples and negative training examples. The number of
training examples used to train the MTT model may vary, but in an embodiment, the million
song dataset (MSD) is used to train the MTT model.

[27]  The training examples may indicate one or more attributes associated with a
plurality of different music samples. The one or more attributes associated with a particular
music sample may indicate one or more attributes of the music sample. For example, the one or
more attributes associated with a particular music sample may indicate an attribute commonly
happened in a geographic region associated with some other features of the music sample. For
example, if a particular instrument used in a music sample is native to Mexico, the one or more
attributes associated with that music sample may include Mexico as region. In an embodiment,
each of the training examples may be classified into one or more different attributes. For
example, there may be various attribute labels in the dataset, including, but not limited to, genre,
mood, instrument, region, decade, etc.

[28] Each of the music samples may be an entire song or may be an audio excerpt,
such as a 30-second portion of a song. Each of the music samples may be associated with audio
data (i.e. an audio clip) and/or label information. If a music sample is associated with audio data,
the audio data may include an acoustic track from the music sample and/or an instrumental track
from the music sample. The acoustic track may include the lyrics of the music sample, and the

instrumental track may include the audio track of the music sample without any acoustics. If a
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music sample is associated with label information, the label information may indicate genre,
mood, instrument, region, decade, etc.

[29]  As an illustrative example, to train the MTT model, music attribute identification
system 114 may receive as input, from a training example database 106, training examples 118a-
b. It should be appreciated that training example database 106 may comprise thousands even
millions of training examples. Training examples 118a-b are merely for illustrative purpose.
Training examples 118a-b may include information indicative of audio data representative of a
plurality of music samples. Training examples 118a may additionally include information that
indicates at least one attribute associated with the plurality of music samples.

[30] In oneexample, training example 118a may be labelled data; training example
118a may include an audio signal 120a and at least one labelled attribute (i.e., label information)
122a. Audio signal 120a may include an audio signal associated with a first music sample. Audio
signal 120a may include an acoustic track and/or an instrumental track associated with the first
music sample. At least one labelled attribute 122a may indicate one or more attributes associated
with the first music sample, such as genre, mood, instrument, region, decade, etc. Attribute 122a
may have been identified manually, such as by an individual that listened to the first music
sample. For example, the individual may have listened to the first music sample and recognized
that the first music sample is a piece of rock music. The individual may then label attribute 122a
as the genre being rock. In another example, training example 118b may be unlabelled data;
training example 118b may include an audio signal 120b, but may not include label information.
Audio signal 120b may include an acoustic track and/or an instrumental track associated with the
second music sample.

[31] Training examples 118a-b may be used by music attribute identification system
114 to train the MTT model. To train the MTT model using training examples 118a-b, music
attribute identification system 114 may input training examples 118a-b and pair the input audio
data with the expected output (i.e. the attribute(s) that have already been associated with the
music samples). By pairing the input audio data with the known attributes in the respective music
samples and using these pairs to train the MTT model, the MTT model may learn to associate
particular features of audio data with different attributes. The MTT model may need to be trained
on a large number of training examples before it has learned enough to make accurate attribute

recognition. The desired recognition accuracy level may be determined by the entity or
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individual training the MTT model, and the MTT model may continue to be trained until it has
learned enough to make attribute recognition with the desired level of accuracy.

[32] To determine if the MTT model is making attribute recognition with the desired
level of accuracy, the MTT model may be evaluated and tested. In one example, the MTT model
may be evaluated using validation dataset. If the MTT model does not show satisfactory
performance with the validation dataset, the MTT model will be trained using more training data.
If the MTT model shows satisfactory performance with the validation dataset, the MTT model
may be tested using test dataset. To evaluate and test the MTT model, validation data and test
data may be input to the MTT model, and the output of the MTT model may be compared to
expected results. Preferably, the validation dataset is different from the test dataset since splitting
validation dataset and test dataset may avoid information leakage in a model selection process.
By splitting validation dataset and test dataset, the best model may be selected. The selected best
model may generalize better and will not be overfitted to the test data. The validation dataset
may be a set of examples used to evaluate the MTT model, and the test dataset may be another
set of examples used to test the MTT model.

[33] The validation data (validation examples) and the test data (test examples) that are
input to the MTT model may be similar to the data that are used to train the MTT model (e.g.,
labeled data used to train the MTT model). For example, one validation or test example may
include audio data associated with a music sample. While the validation or test example also
includes one or more attributes associated with that music sample, the one or more attributes are
not input into the MTT model. Rather, the audio data associated with the music sample may be
input to the MTT model to see which attribute(s) the MTT model identifies are associated with
the music sample. This recognition may be compared to the one or more attributes associated
with the music sample as indicated by the validation or test example (i.e. the expected result,
label information). If a certain percentage of the recognition results using the validation or test
data do not match their respective expected results (i.e., label information), the MTT model may
need to be trained on more and/or a greater variety of training examples. This process of training,
evaluating, and testing may be repeated over and over again until the MTT model is recognizing
attributes at the desired level of accuracy.

[34] As an illustrative embodiment, FIG. 2 illustrates an example model representative

of structures of a MTT model 200. The MTT model 200 comprises two parts: a CNN front end
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202 and a Transformer back end 204. The CNN front end 202 captures local acoustic
characteristics and the Transformer back end 204 globally summarizes the sequence of the
extracted features.

[35] Insome embodiments, the CNN front end 202 may use 3 x 3 convolution filters
with residual connections on mel spectrogram inputs. FIG. 3 illustrates an example table 300
depicting a CNN front end 202 of the MTT model 200. FIG. 3 outlines a 3-layered CNN front
end where B represents a batch size, C represents convolution channels, F represents a number of
mel bins, T represents a number of frames, and C' represents attention channels of the
Transformer. The CNN front end 202 may not only help the MTT model 200 to leverage local
representations captured by CNN but also reduce the time resolution of the input. At the end of
the CNN frond end 202, the second and the third dimensions may be reshaped into a single
dimension. As a result, the output of the CNN may be a sequence of short-chunk audio features
where a chunk corresponds to approximately 0.1 second. The sequence of short-chunk audio
features may be input to the Transformer back end 204.

[36] The Transformer back end 204 comprises stacked multi-head self-attention layers.
In contrast to Convolutional Neural Network with Self-Attention (CNNSA), which uses
frequency-axis max pooling at the end of its front end, the attention layers in MTT model 200
may be given more detailed spectral information. By way of example and without limitation, the
MTT model 200 may comprise 4 layers, 256 attention dimensions, and 8 attention heads. At the
input stage of the Transformer back end 204, positional embedding may be applied and a special
token embedding E[cLs) may be inserted so that the Transformer back end 204 can perform
sequence classification (as shown in FIG. 2) as a downstream task.

[37] To utilize unlabelled data, the MTT model may be improved by using a noisy
student training mechanism. The noisy student training mechanism is a semi-supervised learning
approach. FIG. 4a illustrates an example process 400 for teacher training. The teacher training
example process 400 may use labelled data (e.g., annotated data 402) to train a teacher model
(MT1) 408. The process 400 may comprise a data augmentation (D) sub-process 404 and a short-
time Fourier transform (F) sub-process 406.

[38] The annotated data 402 may comprise audio data (x1) of a plurality of music
samples and label information (y) indicative of attributes of the plurality of music samples. The

annotated data 402 may be collected from a dataset including music samples, for example, the
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million song dataset (MSD). Each of the music samples may be an entire song or may be a
portion of a song, such as a 30-second portion of a song. The audio data may include a vocal
track from the music sample and/or an instrumental track from the music sample. The vocal track
may include the lyrics of the music sample, and the instrumental track may include the audio
track of the music sample without any vocals. The label information may indicate any
information about the music sample, such as song title, artist name, album, genre, mood,
instrument, region, decade, etc.

[39] In order to get a stronger teacher model (M1) 408, data augmentation may be
utilized in the supervised learning approach. The data augmentation (D) sub-process 404 may
include any suitable data augmentation techniques, such as random crop, polarity inversion,
additive noise, gain control, high-/low-pass filter, delay, pitch shift, and reverb. Data
augmentation can play an important role in noisy student training mechanism. Audio
Augmentation library, which is easily integrated to PyTorch data pipeline, may be used. In one
embodiment, the applied data augmentation methods may comprise:

(1) Polarity inversion,

(2) Additive noise by ks € {0.3, 0.5},

(3) Random gain by 4 € {20, —1} dB,

(4) High-pass filter by fz € {2200, 4000} Hz,
(5) Low-pass filter by f2 € {200, 1200} Hz,
(6) Delay by € {200, 500} ms,

(7) Pitch shift by n € {7, 7} semitones, and
(8) Reverb by room size s € {0, 100}.

Each augmentation method may be activated independently with a probability p € {0.3, 0.7}.

[40]  The short-time Fourier transform (F) sub-process 406 may generate an image
representative of the audio data (x1) of a piece of music by preprocessing the audio data (x1) of
the piece of music. The image representative of the audio data (x1) of a piece of music may be a

mel-spectogram representative of how a frequency of the audio signal of the music sample varies
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with time. In one embodiment, features of audio data (x1) may be extracted to a Mel

spectrogram, for example, 128%512 Mel spectrogram.

[41] The teacher model (M1) 408 is trainable. The teacher model (M1) 408 may be
trained to identify at least one attribute (e.g., pl: Tag prediction as shown in FIG. 4a) associated
with a piece of music. The teacher model 408 may be trained using labelled data, e.g., annotated
data 402 which include audio data (x1) and label information (y). The label information (y) may
be manually labeled attribute(s) of a corresponding piece of music among the training data. The
teacher model (M1) 408 may be trained by applying the training data to the teacher model (M1)
408 until the model reaches a predetermined recognition accuracy. Applying the training data to
the teacher model (M1) 408 may involve pairing the audio data (x1) of the training examples
with the expected output, 1.e., the label information (y) that have already been associated with the
music samples. By pairing the audio data (x1) with the label information (y) and using these
pairs to train the teacher model (M1) 408, the teacher model (M1) 408 may learn to associate
particular features of audio data with different label information .

[42] The teacher model (M1) 408 may need to be trained on a large number of training
examples or a variety of different training examples before it has learned enough to make
accurate attribute recognition. The desired accuracy recognition level may be determined by the
entity or individual training the teacher model (M1) 408, and the teacher model (M1) 408 may
continue to be trained until it has learned enough to make attribute recognition with the desired
level of accuracy. To determine if the teacher model (M1) 408 is making attribute recognition
with the desired level of accuracy, the teacher model (M1) 408 may be tested, and the attribute
recognition accuracy of the teacher model (M1) 408 may be evaluated. To test the teacher model
(ML) 408, test examples may be input to the teacher model (M1) 408, and the output of the
teacher model (M1) 408 may be compared to an expected result. This process of training and
testing may be repeated over and over again until the teacher model (M1) 408 is recognizing
attributes at the desired level of accuracy.

[43] FIG. 4b illustrates an example process 410 for student training. The student
training example process 410 uses both labelled data (e.g., annotated data 402) and unlabelled
data (e.g., non-annotated data 412) to train a student model (M2) 418. The process 410 may
comprise a data augmentation (D) sub-process 414 and a short-time Fourier transform (F) sub-

process 416.
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[44] The annotated data 402 may comprise audio data (x1) of a plurality of music
samples and label information (y) indicative of attributes of the plurality of music samples. The
non-annotated 412 may comprise audio data (x2) of a plurality of music samples. The non-
annotated 412 may not include label information (e.g., manually labelled information). The non-
annotated data 412 may be collected from a dataset including music samples, for example, the
MSD. Each of the music samples may be an entire song or may be a portion of a song, such as a
30-second portion of a song. The audio data (x2) may include a vocal track from the music
sample and/or an instrumental track from the music sample. The vocal track may include the
lyrics of the music sample, and the instrumental track may include the audio track of the music
sample without any vocals. The data augmentation (D) sub-process 414 and the short-time
Fourier transform (F) sub-process 416 may be similar to the data augmentation (D) sub-process
404 and the short-time Fourier transform (F) sub-process 406, respectively.

[45] In the student training process 410, the student model (M2) 418 is trainable. The
student model 418 may be trained using labeled data, e.g., the annotated data 402. Applying the
annotated data 402 to the student model (M2) 418 may involve pairing the audio data (x1) of the
training examples with the expected output, i.e., the label information (y). By pairing the audio
data (x1) with the label information (y) and using these pairs to train the student model (M2)
418, the student model (M2) 418 may learn to associate particular features of audio data (x1)
with different label information (y).

[46] The student model (M2) 418 may need to be trained on a large number of training
examples or a variety of different training examples before it has learned enough to make
accurate attribute recognition. The desired accuracy recognition level may be determined by the
entity or individual training the student model (M2) 418, and the student model (M2) 418 may
continue to be trained until it has learned enough to make attribute recognition with the desired
level of accuracy. To determine if the student model (M2) 418 is making attribute recognition
with the desired level of accuracy, the student model (M2) 418 may be evaluated and tested
using labeled data. The attribute recognition accuracy of the student model (M2) 418 may be
evaluated using validation dataset. If the student model shows satisfactory accuracy with the
validation dataset, the MTT model may be tested using test dataset. To evaluate and test the
student model (M2) 418, validation examples or test examples may be input to the student model

(M2) 418, and the output of the student model (M2) 418 may be compared to expected results
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(i.e., label information of labeled data). This process of training, evaluating, and testing may be
repeated over and over again until the student model (M2) 418 shows desirable performance on
labelled test dataset. A well-trained student model 418 may be used as the MTT model to predict
attributes of any particular piece of music.

[47] As shown in FIG. 4b, unlabelled data (e.g., the non-annotated data 412) may be
pre-processed by the short-time Fourier transform (F) sub-process 416, and then be input to the
pretrained teacher model (M1) 408. The pretrained teacher model may generate pseudo label
information (e.g., associated with the unlabelled data. The pseudo label information indicates
attributes of the unlabelled data. The teacher model (M1) 408 is not trainable during the student
training process.

[48] The unlabelled data (e.g., the non-annotated data 412) and the pseudo label
information indicative of the attributes of the unlabelled data may then be used to train the
student model (M2) 418. Applying the training data to the student model (M2) 418 may involve
pairing the audio data (x2) of the training examples with the expected output, i.e., the pseudo
label information generated by the pretrained teacher model (M1) 408. By pairing the audio data
(x2) with the pseudo label information in the respective music samples and using these pairs to
train the student model (M2) 418, the student model (M2) 418 may learn to associate particular
features of audio data information with different attributes. The student model (M2) 418 may be
trained by applying the training data to the student model (M2) 418 until the model reaches a
predetermined recognition accuracy. The desired accuracy recognition level may be determined
by the entity or individual training the student model (M2) 418. In one embodiment, the student
model (M2) 418 may make the same prediction as the teacher model (M1) 408. In another
embodiment, the trained student model (M2) 418 may outperform the teacher model (M1) 408.
In some embodiments, a well-trained student may be used as a new teacher model for training
another student model to obtain an even better performing model.

[49] As an illustrative embodiment, FIG. 5 illustrates an example pseudocode for noisy
student training mechanism which utilizes labelled data (e.g., annotated data 402) and unlabelled
data (non-annotated data 412). First, using a conventional supervised learning approach, a
teacher model 7 (e.g., the teacher model 408) may be trained as shown in lines 1-6 of the codes.
Then, a student model S (e.g., the student model 418) may be trained with two types of losses.

The first loss /7 1s coming from the typical supervised approach using labelled data (as shown in
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lines 1011 of the codes). The second loss /2 is from unlabelled data and corresponds to pseudo-
labels (i.e., pseudo label information) which are generated by the teacher model as shown in lines
12—15 of the codes). The student model may mimic the teacher model. The student model may
also enlarge data set by applying data augmentation (as shown in line 13 of the codes). Both hard
labels and soft labels may be used for the pseudo-labels.

[S0] A well-trained student model S may outperform a teacher model 7" Furthermore,
the whole training process can be repeated by using the student model as a new teacher model
and training another student model to obtain an even better performing model. In another
example, for a stronger teacher model, data augmentation may be utilized in the supervised
learning pipeline (corresponding to lines 1-6 and 10-11 of the codes) as well. The only pipeline
without data augmentation is the pseudo-label generation operation corresponding to line 12 of
the codes.

[S1] In one example, the size of a student model (e.g., the student model 418) may be
identical or larger than that of a teacher model (e.g., the teacher model 408). In this situation, the
training process may be identified as knowledge expansion (KE). That means the knowledge in
the teacher model is upgraded in the student model. The student model may be expected to
perform better than the teacher model by giving the student model (enough capacity and difficult
environments in terms of noise to learn through. In another example, the student model may be
designed to be smaller than the teacher model. In this case, the training process may be identified
as knowledge distillation (KD). As smaller models are less expensive to evaluate, knowledge
distillation (KD) may be deployed on less powerful hardware, such as a mobile device.
Knowledge expansion (KE) and knowledge distillation (KD) are complementary. Depending on
the aim for performance and/or efficiency, knowledge expansion (KE) and/or knowledge
distillation (KD) may be performed.

[S2] FIG. 6 depicts an example process 600 for training and applying a MTT model,
such as MTT model 200. The process 600 may be performed, for example, by music attribute
identification system 114 of FIG. 1. A MTT model needs to be trained and tested before it is
used to recognize attributes associated with a particular piece of music. To train and test the
MTT model, training data and testing data may be generated. Training data and testing data may

be generated using different datasets.
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[S3] At 602, data is collected. The data may be collected from a dataset including
music samples. In some embodiments, the publicly available MSD with annotations collected
from user-generated tags may be used. Each of the music samples may be an entire song or may
be a portion of a song, such as a 30-second portion of a song. Some of the music samples may be
labelled data which comprise audio data (i.e. an audio clip) and label information. Other music
samples may be unlabelled data which comprise audio data, but do not include label information.
The audio data may include a vocal track from the music sample and/or an instrumental track
from the music sample. The vocal track may include the lyrics of the music sample, and the
instrumental track may include the audio track of the music sample without any vocals. The label
information may indicate any information about the music sample, such as song title, artist name,
album, genre, mood, instrument, region, decade, etc.

[S4] The collected data may be used to train, evaluate, and/or test the MTT model. At
604, training dataset, validation dataset, and test datasets are defined. In some embodiments, the
MSD may be used to train, evaluate, and test the MTT model. The MSD may comprise one
million songs with audio features and label information. One approach may be to take the most
frequent 50 tags and select tracks that have at least one of the tags. This results in 242k songs
that are split into training, validation, and test set. This approach is referred to as conventional
MSD split.

[S5] However, there are some problems with the conventional MSD split. For
example, since the MSD music tags are collected from users, some of them are very noisy and
may lead to noisy evaluation (i.e., incorrect evaluation). In addition, a strict split of music items
requires to take the artist information into consideration since often, songs and labels from the
same artist heavily resembles each other. But the conventional MSD split was done without such
consideration, which has caused unintended information leakage between the training and
evaluation sets. As a result, this would cause overly optimistic evaluation.

[S6] To address the problems, in some embodiments, data may be manually cleaned,
which means cleaning very noisy MSD music tags. The top 50 tags among the cleaned data may
be selected for use. In other embodiments, a new split of MSD may be used. The new split does
not share any artist among training/validation/test sets, and the new split can be extended to more
tracks. This new split may be referred to as Cleaned and Artist-level Split (C&A split). In one
example, the C&A split may consist of 233k labeled tracks and 516 unlabeled tracks. The C & A
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split may utilize the entire MSD audio although the rest 250k tracks are discarded to avoid
information leakage by shared artists.

[S7] The training examples for the MTT model may be generated in a variety of
different ways. For example, the training examples may be manually generated using manual
data entry. The training examples may additionally, or alternatively, be generated automatically
using a computer. The training examples used to train the MTT model may comprise either
positive training examples or a combination of positive training examples and negative training
examples. The number of training examples used to train the MTT model may vary, but in an
embodiment, about one million training examples are used to train the MTT model.

[S8] The training examples may indicate one or more attributes associated with a
plurality of different music samples, such as music samples collected at 602. The one or more
attributes associated with a particular music sample may indicate one or more attributes of the
music sample. For example the one or more attributes associated with a particular music sample
may indicate an attribute commonly happened in a geographic region associated with some other
features of the music sample. For instance, if a particular instrument, such as fiesta, used in a
music sample is native to Mexico, the one or more attributes associated with that music sample
may include Mexico as region. In an embodiment, each of the training examples may be
classified into one or more different attributes. There may be various attribute labels in the
dataset, including, but not limited to, genre, mood, instrument, region, decade, etc.

[S9] The MTT model may be trained on the generated training data, including labelled
data and unlabelled data. At 606, the MTT model may be trained to identify one or more
attributes associated with a piece of music. The generated training examples may be used to train
the MTT model. In one embodiment, audio data of some training examples may be paired with
label information that have already been manually associated with corresponding music samples.
Audio data of other training examples may be paired with pseudo-labels (i.e., pseudo label
information) generated by a pretrained teacher model. By pairing the audio data with label
information or pseudo label information in the respective music samples and using these pairs to
train the MTT model, the MTT model may learn to associate various audio data with particular
attributes. A trained MTT model may identify one or more attributes of a piece of music based

on the audio data of the piece of music.
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[60] The MTT model may need to be trained on a large number of training examples
or a variety of different training examples before it has learned enough to make accurate attribute
recognition. The desired recognition accuracy level may be determined by the entity or
individual training the MTT model, and the MTT model may continue to be trained until it has
learned enough to make attribute recognition with the desired level of accuracy. To determine if
the MTT model is making attribute recognition with the desired level of accuracy, the MTT
model may be tested. The MTT model may be tested using the generated test data. At 608, the
attribute recognition accuracy of the MTT model may be evaluated. To test the MTT model, the
audio data of the generated test examples may be input to the MTT model, and the output of the
MTT model may be compared to an expected result.

[61] While, like the training examples, the test examples include one or more attributes
associated with that music sample. The one or more attributes are not input into the MTT model
during testing. Rather, only audio data associated with the music samples may be input to the
MTT model to see which attributes the MTT model recognizes are associated with the music
samples. The recognition results may be compared to the attributes indicated by the label
information included in the test examples (i.e. the expected results).

[62] If the recognition results do not match the expected results, the MTT model may
need to be trained on more and/or a greater variety of training examples. This process of training
and testing may be repeated over and over again until the MTT model is producing recognition
results at the desired level of accuracy. At 610, it may be determined whether the attribute
recognition accuracy 1s satisfactory. The attribute recognition accuracy may be satisfactory if it
meets or exceeds the desired level of accuracy. Conversely, the attribute recognition accuracy
may not be satisfactory if it does not meet or exceed the desired level of accuracy. If the attribute
recognition accuracy 1s not satisfactory, the example process 600 may return to 602 to collect
more data. Additional training examples and/or testing examples may be generated based on this
newly collected data. The MTT model may be further trained based on these new training
examples, and re-tested. This process may continue until the attribute recognition accuracy is
satisfactory.

[63] If the attribute recognition accuracy is satisfactory, the example process 600 may
proceed to 612. At 612, one or mor attributes of a piece of music may be identified using the

trained MTT model. For example, the one or more attributes associated with a particular music
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sample may indicate an attribute commonly happened in a geographic region associated with
some other features of the music sample. For instance, if a particular instrument, such as fiesta,
used in a music sample is native to Mexico, the one or more attributes associated with that music
sample may include Mexico as region. In an embodiment, each of the training examples may be
classified into one or more different attributes. There may be various attribute labels in the
dataset, including, but not limited to, genre, mood, instrument, region, decade, etc.

[64] At 614, the identified attributes and their associated music pieces may be stored.
For example, the identified attributes and their associated music pieces may be stored in a
database, such as recognition database 126. Once stored, this information may be used to make
song recommendations, such as for users of client devices 132. For example, if a user is known
to like rock music, stored pieces of music that are associated with the genre attribute of rock
music may be recommended to that user. In an embodiment, a user may use a content
application, such as content application 134 on client device 132 to listen to the recommended
music.

[65] FIG. 7 depicts an example process 700 for training a machine learning model,
such as MTT model 200, using a noisy student training mechanism. The example process 700
may be performed, for example, by music attribute identification system 114 as shown in FIG. 1.

[66] To train the MTT model, training data, such as training examples, may be
generated. The training examples used to train the MTT model may be generated in a variety of
different ways. For example, the training examples may be manually generated using manual
data entry. The training examples may additionally, or alternatively, be generated automatically
using a computer. The training examples used to train the MTT model may comprise either
positive training examples or a combination of positive training examples and negative training
examples.

[67] At 702, ateacher model (e.g. the teacher model 408) is trained using at least one
portion of labelled data. The labelled data comprise audio data of a plurality of music samples,
and label information indicating at least one attribute corresponding to each of the plurality of
music samples. The attributes of the plurality of music samples comprise genre, mood,
instrument, region, decade, etc.

[68] The teacher model may be trained to identify at least one attribute associated with

a piece of music. The teacher model may be trained by applying training data to the teacher
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model until the model reaches a predetermined recognition accuracy. Applying the training data
to the teacher model may involve pairing the audio data of the training examples with the
expected output, i.e., label information that has already been associated with the music samples.
By pairing the audio data with the known label information in the respective music samples and
using these pairs to train the teacher model, the teacher model may learn to associate audio data
with particular attributes.

[69] The teacher model may need to be trained on a large number of training examples
or a variety of different training examples before it has learned enough to make accurate attribute
recognition. The desired accuracy recognition level may be determined by the entity or
individual training the teacher model, and the teacher model may continue to be trained until it
has learned enough to make attribute recognition with the desired level of accuracy. To
determine if the teacher model is making attribute recognition with the desired level of accuracy,
the teacher model may be tested, and the attribute recognition accuracy of the teacher model may
be evaluated. To test the teacher model, test examples may be input to the teacher model, and the
output of the teacher model may be compared to an expected result. For a stronger teacher
model, data augmentation may be utilized.

[70] At 704, pseudo label information is generated by applying the trained teacher
model to at least one portion of unlabelled data, wherein the pseudo label information indicates
attributes of the at least one portion of the unlabelled data. The pseudo-labelling method may be
able to use the unlabelled samples to learn the underlying structure of the data. The pseudo-
labelling method may improve a model’s performance by using a small set of labelled data along
with a large amount of unlabelled data. Both hard labels and soft labels may be used for the
pseudo-labels.

[71] In the teacher-student training process, the student may mimic the teacher’s
behavior. At 706, a student model may be trained using the at least one portion of the labelled
data, the at least one portion of the unlabelled data, and the pseudo label information indicative
of the attributes of the at least one portion of the unlabelled data. The student model may be
trained with two types of losses. The first loss may be coming from the typical supervised
approach with labelled data as done for the teacher model. The second loss may be from
unlabelled inputs and corresponding pseudo-labels which are generated by the teacher model.

The student model size may be equal to or smaller than the size of the teacher model. The
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student model may also enlarge data set by applying data augmentation. In one embodiment, the
student model may make the same prediction as the teacher model. In another embodiment, the
trained student model may outperform the teacher model. Furthermore, the whole training
process can be repeated by using the trained student model as a new teacher model to train
another student model to obtain an even better performing model.

[72] A trained MTT model may be applied to recognize one or more attributes
associated with music. FIG. 8 illustrates an example process 800 that uses a trained MTT model
to identify one or more attributes associated with music, such as music 108 shown in FIG. 1. In
an embodiment, the trained MTT model may be a part of music attribute identification system
114 as shown in FIG. 1. The trained MTT model may have been trained using a process similar
to that described above.

[73] At 802, audio data associated with a piece of music may be received. The piece of
music may be a piece of music that an individual or entity wants to classify based on its attribute.
The piece of music may be an entire song or may be a portion of a song, such as a 30-second
portion of a song. The audio data may include a vocal track from the piece of music and/or an
instrumental track from the piece of music. The vocal track may include the lyrics of the piece of
music, and the instrumental track may include the audio track of the piece of music without any
vocals.

[74] The example process 800 may enlarge data set by applying data augmentation at
804. Data augmentation may significantly increase the diversity of data available for the MTT
model, without actually collecting new data. Data augmentation may include any suitable data
augmentation techniques, such as random crop, polarity inversion, additive noise, gain control,
high-pass/low-pass filter, delay, pitch shift, reverb, and so on.

[75] The example process 800 may generate an image representative of the audio data
of the piece of music by using short-time Fourier transform at 806 and using Mel scale filter

bank at 807. In one embodiment, the image representative of the audio data of a piece of music

may be a Mel spectogram (e.g., 128%512 Mel spectrogram) representative of how a frequency of
the audio signal of the music sample varies with time.
[76] The MTT model 808 may comprise a convolutional neural network (CNN) 810

and a Transformer 812. The CNN 810 may be applied on the image representative of the audio

data of the piece of music, and output a sequence of features extracted from the image
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representative of the audio data of the piece of music. In an embodiment, the CNN 810 may use
3 x 3 convolution filters with residual connections on mel spectrogram inputs. At the end of the
CNN 810, the second and the third dimensions may be reshaped into a single dimension. By way
of example and without limitation, the output of the CNN 810 may be a sequence of short-chunk
audio features where a chunk corresponds to approximately 0.1 second. The sequence of short-
chunk audio features may be input to the Transformer 812. The Transformer 812 may comprise
stacked multi-head self-attention layers. In one embodiment, the Transformer 812 may choose 4
layers, 256 attention dimensions, and 8 attention heads. The Transformer 812 may be applied on
the sequence of features extracted from the image representative of the audio data of the piece of
music, and output a prediction of at least one attribute of the piece of music at 814.

[77] FIG. 9 depicts an example process 900 for applying a trained machine learning
model, such as MTT model 200. The process 900 may be performed, for example, by music
attribute identification system 114 as shown in FIG. 1.

[78] The trained MTT model may be used to recognize attributes associated with at
least one piece of music. At 902, audio data of a piece of music may be received to recognize
one or more attributes associated with the piece of music. The piece of music may be a piece of
music that an individual or entity wants to classify based on its attribute(s). The piece of music
may be an entire song or may be a portion of a song, such as a 30-second portion of a song. The
audio data may include a vocal track from the piece of music and/or an instrumental track from
the piece of music. The vocal track may include the lyrics of the piece of music, and the
instrumental track may include the audio track of the piece of music without any vocals.

[79] At 904, an image representative of the audio data of the piece of music may be
generated by preprocessing the audio data of the piece of music. In an embodiment, the image

representative of the audio data of a piece of music may be a Mel spectrogram, for example, 128

%512 mel spectrogram, or a mel-frequency cepstrum (MFCC) representative of how a frequency

of the audio signal of the music sample varies with time. The spectrogram may have been
generated using any system or technique, such as using a short-term Fourier transform or a
machine learning module. In an embodiment, short-time Fourier transform may generate an
image representative of the audio data of the piece of music by preprocessing the audio data of

the piece of music.
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[80] At 906, at least one attribute of the piece of music may be determined using a
trained model, for example, the trained MTT model. The trained MTT model may comprise a
convolutional neural network and a Transformer. The piece of the music may be classified based
on the determined at least one attribute. The at least one determined attribute may comprise e.g.,
genre, mood, instrument, region, decade, and so on.

[81] At 908, the convolutional neural network may be applied on the image
representative of the audio data of the piece of music, and output a sequence of features extracted
from the image representative of the audio data of the piece of music. In an embodiment, the
convolutional neural network may use 3 x 3 convolution filters with residual connections on Mel
spectrogram inputs. At the end of the convolutional neural network, the second and the third
dimensions may be reshaped into a single dimension. By way of example and without limitation,
the output of the convolutional neural network may be a sequence of short-chunk audio features
where a chunk may correspond to approximately 0.1 second. The sequence of short-chunk audio
features may be input to the Transformer of the trained MTT model.

[82] At 910, the Transformer may be applied on the sequence of features extracted
from the image representative of the audio data of the piece of music, and output a prediction of
the at least one attribute of the piece of music. The Transformer may comprise stacked multi-
head self-attention layers. In one embodiment, the Transformer may comprise 4 layers, 256
attention dimensions, and 8 attention heads.

[83] The recognition of one or more attributes associated with music pieces may be
stored in a database, such as in recognition database 126 in FIG. 1. Once stored, this information
may be used to make song recommendations, such as for users of client devices 132. For
example, if a user is known to love rock music, stored pieces of music that are classifies as rock
music may be recommended to that user. In an embodiment, a user may use a content
application, such as content application 134 on client device 132 to listen to the recommended
music.

[84] Music tagging models are typically evaluated with Area Under Receiver
Operating Characteristic Curve (ROC-AUC). However, ROC-AUC may report overly optimistic
results with highly skewed data. In some embodiments, both ROC-AUC and Area Under
Precision-Recall Curve (PR-AUC) may be used as main evaluation metrics to evaluate the

performance of music tagging models in the present disclosure. FIG. 10 illustrates an example
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table 1000 depicting performance comparison using the conventional split for top-50 music
tagging. The performance comparison is conducted between current systems and the MTT
model.

[85] Intable 1000, FCN represents Fully Convolutional Network. Musicnn represents
a set of pre-trained deep convolutional neural networks for music audio tagging. Sample-level
represents sample-level deep convolutional neural networks. SE represents Squeeze-and-
Excitation. CRNN represents Convolutional Recurrent Neural Network. CNNSA represents
Convolutional Neural Network with Self-Attention. CNN represents Convolutional Neural
Network. ResNet represents Residual Network. Transformer represents the MTT model. DA is
an abbreviation for Data Augmentation. The § and + marks mean the models are based on the
identical model architecture and training strategy; compared to the models with the same marks
as shown in FIG. 11, only the dataset split is different.

[86] As shown in table 1000, the ROC-AUC and PR-AUC of many current models
have been under 0.89 and 0.33, respectively. In contrast, the MTT model outperforms the current
models, including FCN, Musicnn, Sample-level, Sample-level + SE, CRNN, CNNSA, Harmonic
CNN, Short-chunk CNN, and short-chunk ResNet. The improvement, especially on PR-AUC, is
non-trivial. When data augmentation is applied to the MTT model, the improvement gets even
larger.

[87] The front end of the MTT model takes a sequence of chunks. Each of the chunks
represents a short duration of the signal which is about 0.1 second. Although 0.1 second would
be short to represent musical characteristics alone, the method using a sequence of chunks and
the results thereof may mean that the back end of the MTT model may play a role of sequential
feature extractor instead of simple bag-of-feature aggregation. This may be an important aspect
of the MTT model since sequential modeling may be the best choice for the self-attention
mechanism.

[88] Inthe meanwhile, table 1000 shows that the data augmentation may also
contribute to the improvements of ROC-AUC and PR-AUC. As shown in FIG. 10, while using
the MTT model without data augmentation, the ROC-AUC is 0.8916, and the PR-AUC is
0.3358. After introducing data augmentation to the MTT model, the ROC-AUC and PR-AUC are
improved to 0.8972 and 0.3479, respectively. The improvements brought from data
augmentation are 0.0056 ROC-AUC and 0.0119 PR-AUC, separately. The improvements
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achieved by the MTT model are more significant than many of the improvements that current
different architecture choices have achieved. This may emphasize that data augmentation should
be considered when developing a music tagging model.

[89] FIG. 11 illustrates an example table 1100 depicting performance comparison
using the C&A MSD split with various configurations. In table 1100. ResNet represents the
short-chunk ResNets. Transformer represents the MTT model. DA represents data augmentation.
KE and KD represent knowledge expansion and knowledge distillation, separately. The § and +
marks mean they are based on the identical model architecture and training strategy; compared to
the models with the same marks as shown in FIG. 10, only the dataset split is different. The
comparison table 1100 not only shows the results of the two models, i1.e., the short-chunk
ResNets and the MTT model, but also summarizes the results of supervised models, models with
data augmentation (DA), models with DA and knowledge expansion (KE), and models with DA
and knowledge distillation (KD).

[90] For both short-chunk ResNet and the MTT model, constant improvements may be
observed when data augmentation and noisy student training (knowledge expansion) are applied
accumulatively. For example, as shown in table 1100, the ROC-AUC values of Transformer,
Transformer + DA, Transformer + DA + KE are 0.9188, 0.9191, 0.9204, respectively. The
values show continuous improvements with DA and KE. This may indicate that for both
architectures of the short-chunk ResNet and the MTT model, the size of dataset may be a factor
that limits the performance of the models. Table 1100 also shows that the student model with
smaller parameters (models with DA and KD) may have better performance than larger models,
1.e., models with DA and KE. This may be explained more clearly if the models may be trained
with a significantly richer dataset, which is bigger and has more diverse data. When enough
suitable dataset is available, the models may be trained with a significantly richer dataset in the
upcoming research.

[91] FIG. 12 illustrates an example graph 1200 depicting performance comparison
with different input lengths. In graph 1200, Transformer represents the MTT model, and ResNet
represents the short-chunk ResNets. Both the MTT model and short-chunk ResNet are trained
with various input lengths to access the MTT model’s ability to handle long sequence.

[92] As shown in graph 1200, on both of the metrics, short-chunk ResNet shows a

noticeable performance degradation as the audio input gets longer. This may indicate that the
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global max pooling in the short-chunk ResNet may be not perfectly suitable for a long signal.
Meanwhile, the MTT model shows consistent performances in general. An exception is when the
input is 30-second long. The performance drop happens maybe because the model cannot take
advantage of random cropping data augmentation since the 30-second is the full length of the
MSD previews. Overall, the MTT model outperforms the short-chunk ResNet.

[93] FIG. 13 illustrates an example table 1300 depicting performance of the MTT with
varying width and depth of the attention layers. In table 1300, the MTT model may achieve the
best performance when the attention channels have width at 128 and 256, and their depth of 4
and 8 layers. These optimal parameters may be dependent on dataset. Generally, a larger network
structure may perform better if a larger amount of training data is provided.

[94] FIG. 14 depicts a computing device that may be used in various aspects. With
regard to the example environment of FIG. 1, one or more of music attribute identification
system 114, music database 104, training example database 106, recognition database 126, or
test database 128 may be implemented in an instance of a computing device 1400 of FIG. 14.
The computer architecture shown in FIG. 14 shows a conventional server computer, workstation,
desktop computer, laptop, tablet, network appliance, PDA, e-reader, digital cellular phone, or
other computing node, and may be utilized to execute any aspects of the computers described
herein, such as to implement the methods described in FIGS. 6-9.

[95] The computing device 1400 may include a baseboard, or “motherboard,” which is
a printed circuit board to which a multitude of components or devices may be connected by way
of a system bus or other electrical communication paths. One or more central processing units
(CPUs) 1404 may operate in conjunction with a chipset 1406. The CPU(s) 1404 may be standard
programmable processors that perform arithmetic and logical operations necessary for the
operation of the computing device 1400.

[96] The CPU(s) 1404 may perform the necessary operations by transitioning from one
discrete physical state to the next through the manipulation of switching elements that
differentiate between and change these states. Switching elements may generally include
electronic circuits that maintain one of two binary states, such as flip-flops, and electronic
circuits that provide an output state based on the logical combination of the states of one or more

other switching elements, such as logic gates. These basic switching elements may be combined
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to create more complex logic circuits including registers, adders-subtractors, arithmetic logic
units, floating-point units, and the like.

[97] The CPU(s) 1404 may be augmented with or replaced by other processing units,
such as GPU(s). The GPU(s) may comprise processing units specialized for but not necessarily
limited to highly parallel computations, such as graphics and other visualization-related
processing.

[98] A user interface may be provided between the CPU(s) 1404 and the remainder of
the components and devices on the baseboard. The interface may be used to access a random
access memory (RAM) 1408 used as the main memory in the computing device 1400. The
interface may be used to access a computer-readable storage medium, such as a read-only
memory (ROM) 1420 or non-volatile RAM (NVRAM) (not shown), for storing basic routines
that may help to start up the computing device 1400 and to transfer information between the
various components and devices. ROM 1420 or NVRAM may also store other software
components necessary for the operation of the computing device 1400 in accordance with the
aspects described herein. The user interface may be provided by a one or more electrical
components such as the chipset 1406.

[99] The computing device 1400 may operate in a networked environment using
logical connections to remote computing nodes and computer systems through local area
network (LAN). The chipset 1406 may include functionality for providing network connectivity
through a network interface controller (NIC) 1422, such as a gigabit Ethernet adapter. A NIC
1422 may be capable of connecting the computing device 1400 to other computing nodes over a
network. It should be appreciated that multiple NICs 1422 may be present in the computing
device 1400, connecting the computing device to other types of networks and remote computer
systems.

[100] The computing device 1400 may be connected to a storage device 1428 that
provides non-volatile storage for the computer. The storage device 1428 may store system
programs, application programs, other program modules, and data, which have been described in
greater detail herein. The storage device 1428 may be connected to the computing device 1400
through a storage controller 1424 connected to the chipset 1406. The storage device 1428 may
consist of one or more physical storage units. A storage controller 1424 may interface with the

physical storage units through a serial attached SCSI (SAS) interface, a serial advanced
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technology attachment (SATA) interface, a fiber channel (FC) interface, or other type of
interface for physically connecting and transferring data between computers and physical storage
units.

[101] The computing device 1400 may store data on a storage device 1428 by
transforming the physical state of the physical storage units to reflect the information being
stored. The specific transformation of a physical state may depend on various factors and on
different implementations of this description. Examples of such factors may include, but are not
limited to, the technology used to implement the physical storage units and whether the storage
device 1428 is characterized as primary or secondary storage and the like.

[102] For example, the computing device 1400 may store information to the storage
device 1428 by issuing instructions through a storage controller 1424 to alter the magnetic
characteristics of a particular location within a magnetic disk drive unit, the reflective or
refractive characteristics of a particular location in an optical storage unit, or the electrical
characteristics of a particular capacitor, transistor, or other discrete component in a solid-state
storage unit. Other transformations of physical media are possible without departing from the
scope and spirit of the present description, with the foregoing examples provided only to
facilitate this description. The computing device 1400 may read information from the storage
device 1428 by detecting the physical states or characteristics of one or more particular locations
within the physical storage units.

[103] In addition or alternatively to the storage device 1428 described herein, the
computing device 1400 may have access to other computer-readable storage media to store and
retrieve information, such as program modules, data structures, or other data. It should be
appreciated by those skilled in the art that computer-readable storage media may be any available
media that provides for the storage of non-transitory data and that may be accessed by the
computing device 1400.

[104] By way of example and not limitation, computer-readable storage media may
include volatile and non-volatile, transitory computer-readable storage media and non-transitory
computer-readable storage media, and removable and non-removable media implemented in any
method or technology. Computer-readable storage media includes, but is not limited to, RAM,
ROM, erasable programmable ROM (“EPROM”), electrically erasable programmable ROM
(“EEPROM?”), flash memory or other solid-state memory technology, compact disc ROM (“CD-
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ROM”), digital versatile disk (“DVD”), high definition DVD (“HD-DVD”), BLU-RAY, or other
optical storage, magnetic cassettes, magnetic tape, magnetic disk storage, other magnetic storage
devices, or any other medium that may be used to store the desired information in a non-
transitory fashion.

[105] A storage device, such as the storage device 1428 depicted in FIG. 14, may store
an operating system utilized to control the operation of the computing device 1400. The
operating system may comprise a version of the LINUX operating system. The operating system
may comprise a version of the WINDOWS SERVER operating system from the MICROSOFT
Corporation. According to additional aspects, the operating system may comprise a version of
the UNIX operating system. Various mobile phone operating systems, such as IOS and
ANDROID, may also be utilized. It should be appreciated that other operating systems may also
be utilized. The storage device 1428 may store other system or application programs and data
utilized by the computing device 1400.

[106] The storage device 1428 or other computer-readable storage media may also be
encoded with computer-executable instructions, which, when loaded into the computing device
400, transforms the computing device from a general-purpose computing system into a special-
purpose computer capable of implementing the aspects described herein. These computer-
executable instructions transform the computing device 1400 by specifying how the CPU(s)
1404 transition between states, as described herein. The computing device 1400 may have access
to computer-readable storage media storing computer-executable instructions, which, when
executed by the computing device 1400, may perform the methods described in relation to FIGS.
6-9.

[107] A computing device, such as the computing device 1400 depicted in FIG. 14, may
also include an input/output controller 1432 for receiving and processing input from a number of
input devices, such as a keyboard, a mouse, a touchpad, a touch screen, an electronic stylus, or
other type of input device. Similarly, an input/output controller 1432 may provide output to a
display, such as a computer monitor, a flat-panel display, a digital projector, a printer, a plotter,
or other type of output device. It will be appreciated that the computing device 1400 may not
include all of the components shown in FIG. 14, may include other components that are not
explicitly shown in FIG. 14, or may utilize an architecture completely different than that shown

in FIG. 14.
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[108] As described herein, a computing device may be a physical computing device,
such as the computing device 1400 of FIG. 14. A computing node may also include a virtual
machine host process and one or more virtual machine instances. Computer-executable
instructions may be executed by the physical hardware of a computing device indirectly through
interpretation and/or execution of instructions stored and executed in the context of a virtual
machine.

[109] One skilled in the art will appreciate that the systems and methods disclosed
herein may be implemented via a computing device that may comprise, but are not limited to,
one or more pProcessors, a system memory, and a system bus that couples various system
components including the processor to the system memory. In the case of multiple processors,
the system may utilize parallel computing,

[110] For purposes of illustration, application programs and other executable program
components such as the operating system are illustrated herein as discrete blocks, although it is
recognized that such programs and components reside at various times in different storage
components of the computing device, and are executed by the data processor(s) of the computer.
An implementation of service software may be stored on or transmitted across some form of
computer- readable media. Any of the disclosed methods may be performed by computer -
readable instructions embodied on computer -readable media. Computer -readable media may be
any available media that may be accessed by a computer. By way of example and not meant to
be limiting, computer- readable media may comprise “computer storage media” and
“communications media.” “Computer storage media” comprise volatile and non-volatile,
removable and non-removable media implemented in any methods or technology for storage of
information such as computer- readable instructions, data structures, program modules, or other
data. Exemplary computer storage media comprises, but is not limited to, RAM, ROM,
EEPROM, flash memory or other memory technology, CD-ROM, digital versatile disks (DVD)
or other optical storage, magnetic cassettes, magnetic tape, magnetic disk storage or other
magnetic storage devices, or any other medium which may be used to store the desired
information and which may be accessed by a computer. Application programs and the like and/or
storage media may be implemented, at least in part, at a remote system.

[111] As used in the specification and the appended claims, the singular forms “a,” “an”

and “the” include plural referents unless the context clearly dictates otherwise. Ranges may be
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expressed herein as from “about” one particular value, and/or to “about” another particular value.
Unless otherwise expressly stated, it is in no way intended that any method set forth herein be
construed as requiring that its steps be performed in a specific order. Accordingly, where a
method claim does not actually recite an order to be followed by its steps or it is not otherwise
specifically stated in the claims or descriptions that the steps are to be limited to a specific order,
it is no way intended that an order be inferred, in any respect.

[112] It will be apparent to those skilled in the art that various modifications and
variations may be made without departing from the scope or spirit. Other embodiments will be
apparent to those skilled in the art from consideration of the specification and practice disclosed
herein. It is intended that the specification and examples be considered as exemplary only, with a

true scope and spirit being indicated by the following claims.
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WHAT IS CLAIMED IS:

1. A method, comprising:

receiving audio data of a piece of music;

determining at least one attribute of the piece of music based on the audio data of the
piece of music using a model;

wherein the model comprises a convolutional neural network and a transformer; and

wherein the model is trained using training data, the training data comprise labelled data
associated with a first plurality of music samples and unlabelled data associated with a second
plurality of music samples, the labelled data comprise audio data of the first plurality of music
samples and label information indicative of attributes of the first plurality of music samples, and

the unlabelled data comprise audio data of the second plurality of music samples.

2. The method of claim 1, further comprising:
generating an image representative of the audio data of the piece of music by

preprocessing the audio data of the piece of music.

3. The method of claim 2, wherein the image representative of the audio data of the piece of

music comprises a Mel spectrogram.

4, The method of claim 2, further comprising:

applying the convolutional neural network on the image representative of the audio data
of the piece of music; and

outputting a sequence of features extracted from the image representative of the audio

data of the piece of music.

S. The method of claim 4, further comprising:
applying the transformer on the sequence of features extracted from the image
representative of the audio data of the piece of music; and

outputting a prediction of the at least one attribute of the piece of music.
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6. The method of claim 1, wherein the convolutional neural network comprises 3x3

convolution filters with residual connections.

7. The method of claim 1, wherein the transformer comprises stacked multi-head self-

attention layers.

8. The method of claim 1, wherein the model is trained using a noisy student training
mechanism.
9. The method of claim 8, further comprising:

training a teacher model using at least one portion of the labelled data; and
generating pseudo label information by applying the trained teacher model to at least one
portion of the unlabelled data, wherein the pseudo label information indicates attributes of the at

least one portion of the unlabelled data.

10. The method of claim 9, further comprising:
training a student model using the at least one portion of the labelled data, the at least one
portion of the unlabelled data and the pseudo label information indicative of the attributes of the

at least one portion of the unlabelled data.

11. A system, comprising:

at least one processor; and

at least one memory communicatively coupled to the at least one processor and storing
instructions that upon execution by the at least one processor cause the system to perform
operations, the operations comprising:

receiving audio data of a piece of music;

determining at least one attribute of the piece of music based on the audio data of the
piece of music using a model;

wherein the model comprises a convolutional neural network and a transformer; and

wherein the model is trained using training data, the training data comprise labelled data

associated with a first plurality of music samples and unlabelled data associated with a second
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plurality of music samples, the labelled data comprise audio data of the first plurality of music
samples and label information indicative of attributes of the first plurality of music samples, and

the unlabelled data comprise audio data of the second plurality of music samples.

12. The system of claim 10, the operations further comprising:
generating an image representative of the audio data of the piece of music by

preprocessing the audio data of the piece of music.

13. The system of claim 12, the operations further comprising:

applying the convolutional neural network on the image representative of the audio data
of the piece of music; and

outputting a sequence of features extracted from the image representative of the audio

data of the piece of music.

14. The system of claim 13, the operations further comprising:
applying the transformer on the sequence of features extracted from the image
representative of the audio data of the piece of music; and

outputting a prediction of the at least one attribute of the piece of music.

15. The system of claim 10, wherein the model is trained using a noisy student training
mechanism.
16. The system of claim 15, the operations further comprising:

training a teacher model using at least one portion of the labelled data; and
generating pseudo label information by applying the trained teacher model to at least one
portion of the unlabelled data, wherein the pseudo label information indicates attributes of the at

least one portion of the unlabelled data.

17. The system of claim 16, the operations further comprising:
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training a student model using the at least one portion of the labelled data, the at least one
portion of the unlabelled data and the pseudo label information indicative of the attributes of the

at least one portion of the unlabelled data.

18. A non-transitory computer-readable storage medium, storing computer-readable
instructions that upon execution by a processor cause the processor to implement operations, the
operation comprising;

receiving audio data of a piece of music;

determining at least one attribute of the piece of music based on the audio data of the
piece of music using a model;

wherein the model comprises a convolutional neural network and a transformer; and

wherein the model is trained using training data, the training data comprise labelled data
associated with a first plurality of music samples and unlabelled data associated with a second
plurality of music samples, the labelled data comprise audio data of the first plurality of music
samples and label information indicative of attributes of the first plurality of music samples, and

the unlabelled data comprise audio data of the second plurality of music samples.

19. The non-transitory computer-readable storage medium of claim 18, the operations further
comprising;

applying the convolutional neural network on an image representative of the audio data
of the piece of music;

outputting a sequence of features extracted from the image representative of the audio
data of the piece of music;

applying the transformer on the sequence of features extracted from the image
representative of the audio data of the piece of music; and

outputting a prediction of the at least one attribute of the piece of music.

20. The non-transitory computer-readable storage medium of claim 18, wherein the model is

trained using a noisy student training mechanism.
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