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(57) Abstract: The present disclosure describes techniques for identifying lan-
guages associated with music. Training data may be received, wherein the train-
ing data comprise information indicative of audio data representative of a plu-
rality of music samples and metadata associated with the plurality of music sam-
ples. The training data further comprises information indicating a language cor-
responding to each of the plurality of music samples. A machine learning model
may be trained to identify a language associated with a piece of music by ap-
plying the training data to the machine model until the model reaches a prede-
termined recognition accuracy. A language associated with the piece of music
may be determined using the trained machine learning model.
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IDENTIFYING LANGUAGE IN MUSIC

CROSS REFERENCE TO RELATED APPLICATIONS

[0001] The present application claims priority to U.S. non-provisional Patent Application
17/186,490, filed Feb. 26, 2021, entitled “Training method and system of automatic music
language identification using audio and metadata,” which is incorporated herein by

reference as if reproduced in its entirety.

BACKGROUND

[0002] Typical language identification techniques determine a language associated with
speech. However, the techniques used for identifying language in speech do not work for
identifying language in music. For example, the techniques used for identifying language in
speech may not work for identifying language in music due to the difference between
speech utterance and singing. Therefore, improvements in language identification

techniques are needed.

BRIEF DESCRIPTION OF THE DRAWINGS

[0003] 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:

[0004] FIG. 1 is a schematic diagram illustrating an example system for use in accordance

with the present disclosure.

[0005] FIG. 2 illustrates an example process for testing a language identification model

that may be used in accordance with the present disclosure.

[0006] FIG. 3. illustrates an example process for applying a language identification model

that may be used in accordance with the present disclosure.
[0007] FIG. 4 illustrates an example spectrogram associated with an audio sample.

[0008] FIGS. Sa-b illustrates example language probability vectors associated with

metadata.

[0009] FIGS. 6a-b illustrates example table depicting the performance of a language
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identification model.

[0010] FIG. 7 illustrates example graphs depicting the varying performance ability of

different language identification models.

[0011] FIG. 8 illustrates an example process for training and applying a language

identification model that may be used in accordance with the present disclosure.

[0012] FIG. 9 illustrates an example process for training and applying a language

identification model that may be used in accordance with the present disclosure.

[0013] FIG. 10 illustrates an example computing device that may be used in accordance

with the present disclosure.

DETAILED DESCRIPTION OF ILLUSTRATIVE EMBODIMENTS

[0014] Identifying language in music, e.g., singing language identification (SLID), is a
classification task that involves identifying one or more languages associated with music.
For example, SLID may involve identifying one or more languages used in the lyrics of
music, and/or one or more languages associated with the instruments used in music. A
listener’s ability to understand the language used in the lyrics of a piece of music and/or to
culturally identify instruments used in the piece of music plays a crucial role in the
music-listening experience. Accordingly, being able to identify language information
associated with music is essential for music discovery and music recommendation systems.
However, despite the importance of being able to identify language information associated
with music, such language information is not always available. For example, one or more
of the geographic region(s) associated with a piece of music, lyrical information associated
with a piece of music, and/or language(s) associated with a piece of music may not be
available. This lack of language information is a problem even for some of the most

large-scale and established music consumption chains and/or music-streaming services.

[0015] To address this problem, SLID models have been developed that aim to identify
language within music. Some of these SLID models utilize traditional machine learning
classifiers and features associated with the audio content of music to recognize language
within the music. Others of these SLID models depend on modalities other than audio
content. For example, one SLID model classifies music videos into language categories by
taking visual features of the video along with basic audio features. As another example, one

SLID model identifies language within music using track title and album name.
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Additionally, these existing SLID models aim to identify language within music using only
a portion of the music data—some use solely audio content, others use audio content and
visual features of a music video, and others use track title and album name. Because these
existing SLID models use only a portion of the music data, they are not able to identify
language within music with a high accuracy rate. Accordingly, it may be desirable develop

techniques for producing a more accurate SLID model.

[0016] An improved SLID model may use both audio content and textual metadata to
identify language associated with music. Audio content and textual metadata are two of the
most prevailing forms of available music data. By using a greater portion of prevailing
music data, the improved SLID model is able to identify language associated with music
with a higher accuracy than existing SLID models that identify language within music
using only a portion of music data. 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 improved SLID
model may be comprised in either the client device 132 or a music language identification

system 114 hosted by the cloud network 102.

[0017] 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 language
identification system 114, or other computing devices may be used singly or in combination
to implement techniques of identifying languages 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.

[0018] 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
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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.

[0019] 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 language identification
system 114. The nodes 116 may process tasks associated with the music language
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.

[0020] Music language identification system 114 may implement a number of the
functions and techniques described herein. For example, music language identification
system 114 may be configured to identify one or more languages associated with music.
Music language identification system 114 may be associated with an entity, such as a music
discovery or music recommendation platform, seeking to identify language(s) associated
with music. In an embodiment, music language identification system 114 comprises an
SLID model that is trained to identify one or more languages associated with music. For
example, music language identification system 114 may comprise an SLID model that is
trained to identify one or more languages associated with music using both audio content

and textual metadata.

[0021] In an embodiment, music language identification system 114 trains the SLID
model to identify one or more languages associated with music. Music language
identification system 114 may train the SLID model using training examples. The training
examples used to train the SLID model may be generated in a variety of different ways. For

example, the training examples may be manually generated using manual data entry. The
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training examples may additionally, or alternatively, be generated automatically using a
computer. The training examples used to train the SLID 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 SLID model may vary,

but in an embodiment, over 100,000 training examples are used to train the SLID model.

[0022] The training examples may indicate one or more languages associated with a
plurality of different music samples. The one or more languages associated with a particular
music sample may indicate one or more languages used in the lyrics of the music sample.
For example, if a music sample features a woman singing in French and a man rapping in
English, that music sample may be associated with both the French and English languages.
Additionally, or alternatively, the one or more languages associated with a particular music
sample may indicate a language commonly spoken in a geographic region associated with
some other feature of the music sample. For example, if a particular instrument used in a
music sample is native to Mexico, the one or more languages associated with that music
sample may include Spanish regardless of whether the lyrics of that song are in Spanish. In
an embodiment, each the training examples may be classified into one or more of a
plurality of different languages. For example, there may be various language labels in the
dataset, including, but not limited to, English, Portuguese, Spanish, Korean, French,

Japanese, German, Polish, Italian, Slovakian, and others.

[0023] 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. Each of the music samples may be associated with
audio data (i.e. an audio clip) and/or metadata. If a music sample is associated with audio
data, 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. If a music sample is associated with metadata, the metadata may
indicate any information that exists and is easily accessible for a majority of music tracks,
such as song title, album name, artist name, and/or an identification number. Data such as
song title, album name, and artist name are easily accessible as they are usually included on
online music streaming services. While other types of data, such as visual features of music
videos and/or pre-computed track vectors may be useful for determining a language
associated with a music sample, these other types of data are of limited availability—even

for those in the music industry who have access to a large-scale proprietary catalogue.
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Accordingly, a SLID model trained on these other types of data is impractical and

difficult-to-reproduce.

[0024] In an embodiment, all of training examples comprise audio data and metadata. In
another embodiment, a majority of training examples comprise audio data and metadata
while some training examples comprise either audio data or metadata. For instance, the
training examples account for the fact that, in application, data about a particular music
sample may be missing. Once trained, the SLID model may be used to recognize one or
more languages associated with a music sample that is missing either audio data or
metadata. Accordingly, it is desirable to train the SLID model in such a way that it is still
able to recognize one or more languages associated with a music sample that is missing
either audio data or metadata. To train the SLID model in this way, a technique called
Dropout may be used. In a dropout module, the audio data of a certain percentage of the
music samples used in the training examples, such as 5%, 10%, 30% or any other
percentage of music samples, may be “dropped out.” Similarly, the metadata of a certain
percentage of the music samples used in the training examples may be “dropped out.” This
means that out of the entire set of training examples, a certain percentage of training
examples would have a zero value for the audio data, and a certain percentage of training
examples would have a zero value for the metadata. The training examples that have a zero
value for audio data may be associated with different music samples, such as training
examples that have a zero value for metadata. A certain percentage of the training examples,
such as a majority of the training examples, may have not had a zero value for either the
audio data or the metadata (i.e. neither the audio data nor the metadata was “dropped out”
for those music samples). In this way, missing modality cases may be simulated while
training the SLID model. As a result, a single SLID model can be used to recognize

language within music even if there is a missing modality of a particular piece of music.

[0025] As an illustrative example, to train the SLID model, music language 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-b may
additionally, or alternatively, include metadata associated with the plurality of music

samples. Training examples 118a-b may additionally include information that indicates at
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least one language that corresponds to each of the plurality of music samples. As discussed
above, a portion of training examples 118a-b may have a zero value for the audio data,

and/or a portion of training examples 118a-b may have a zero value for the metadata.

[0026] For example, training example 118a may include an audio signal 120a and/or
metadata 122a, and at least one language 124a. Audio signal 120a may include an audio
signal associated with a first music sample. Audio signal 120a may include a vocal track
and/or an instrumental track associated with the first music sample. Metadata 112a may
indicate information associated with the first music sample, such as song title, album name,
artist name, and/or an identification number. Language 124a may indicate one or more
languages associated with the first music sample. Language 124a 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 English and
Spanish were both associated with either the lyrics and/or the instruments used in the first
music sample. The individual may then label language 124a as English and Spanish.
Similarly, training example 118b may include an audio signal 120b and/or metadata 122b,
and at least one language 124b. Audio signal 120b may include an audio signal associated
with a second music sample. Audio signal 120b may include a vocal track and/or an
instrumental track associated with the second music sample. Metadata 112b may indicate
information associated with the second music sample, such as song title, album name, artist
name, and/or an identification number. Language 124b may indicate one or more languages
associated with the second music sample. Language 124b may have been identified

manually, such as by an individual that listened to the second music sample.

[0027] Training examples 118a-b may be used by music language identification system
114 to train the SLID model. To train the SLID model using training examples 118a-b,
music language identification system 114 may input training examples 118a-b and pair the
input audio data and input metadata with the expected output (i.e. the language(s) that have
already been associated with the music samples). By pairing the input audio data and
metadata with the known languages in the respective music samples and using these pairs
to train the SLID model, the SLID model may learn to associate particular features of audio
data and/or metadata with different languages. The SLID model may need to be trained on a
large number of training examples before it has learned enough to make accurate language
recognition. The desired recognition accuracy level may be determined by the entity or

individual training the SLID model, and the SLID model may continue to be trained until it



WO 2022/182298 PCT/SG2022/050093

has learned enough to make language recognition with the desired level of accuracy.

[0028] To determine if the SLID model is making language recognition with the desired
level of accuracy, the SLID model may be tested. The SLID model may be tested using
testing data. To test the SLID model, test data may be input to the SLID model, and the
output of the SLID model may be compared to an expected result. The test data may be a

set of examples used to assess the performance of the trained SLID model.

[0029] The test data, or test examples, that are input to the SLID model may be similar to
the data used to train the SLID model. For example, one test example may include audio
data and metadata associated with a music sample. While the test example also includes one
or more languages associated with that music sample, the one or more languages are not
input into the SLID model. Rather, the audio data and/or metadata associated with the
music sample may be input to the SLID model to see which language(s) the SLID model
identifies are associated with the music sample. This recognition may be compared to the
one or more languages associated with the music sample as indicated by the test example
(i.e. the expected result). If a certain percentage of the recognition results using the test data
do not match their respective expected results, the SLID 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 SLID model is recognizing languages at the

desired level of accuracy.

[0030] FIG. 2 illustrates an example process 200 for testing a SLID model that is going to
be used to identify one or more languages associated with music. The process 200 may be
performed, for example, by music language identification system 114. Input may be
received, such as from a test database 128. The input may include test examples. The test
examples may include information indicative of audio data representative of a plurality of
music samples. The test data may also include metadata associated with the plurality of
music samples. In one example, the set of test data for testing a SLID are different from the
set of training data used to train the SLID. The test data may include information that
indicates at least one language that corresponds to each of the plurality of music samples
and is used to compare with the output of the SLID. As discussed above with respect to the
training examples, a portion of the test examples may have a zero value for the audio data,

and/or a portion of the test examples may have a zero value for the metadata.

[0031] For example, a test example may include an audio signal and metadata, and at least
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one language. The audio signal may include an audio signal associated with a music sample.
The audio signal may include a vocal track and/or an instrumental track associated with that
music sample. The metadata may indicate information associated with the music sample,
such as song title, album name, artist name, and/or an identification number. The
language may indicate one or more languages associated with the music sample. The
language may have been identified manually, such as by an individual that listened to the
music sample. For example, the individual may have listened to the music sample and
recognized that French and Portuguese were both associated with either the lyrics and/or
the instruments used in the music sample. The individual may then label the languages as

French and Portuguese.

[0032] At 202, to test the SLID model using test examples, the audio signal and/or
metadata of the test examples may be input to the SLID model. At 204a, the SLID model
may output recognized languages associated with the input audio signal and/or metadata.
These one or more recognized languages may be compared to the corresponding expected
languages, as indicated by the test example. If the output matches the corresponding
expected languages, the SLID model has produced accurate recognition. If the output does
not match, or only partially matches, the expected languages, the SLID has not produced
accurate recognition. At 206a, the accuracy of the recognition may be output, such as by an
accuracy tester. The accuracy of the recognition may be compared to a desired level of
accuracy. If the accuracy is below the desired level of accuracy, the SLID model may need
to be trained on more training examples and/or a greater variety of training examples to

improve the level of accuracy until it reaches the desired level of accuracy.

[0033] After training the SLID model on more and/or different training examples,
returning to 202, audio data and/or metadata of different test examples may be input to the
SLID model. At 204b, the SLID model may output recognized languages associated with
the new input audio signal and/or metadata. These recognized languages may be compared
to the expected languages, as indicated by the new test examples. If the output matches the
expected languages, the SLID model has produced accurate recognition. If the output does
not match, or only partially matches, the expected languages, the SLID has not produced
accurate recognition. At 206b, the accuracy of the recognition may be output, such as by an
accuracy tester. Again, the accuracy of the recognition may be compared to a desired level
of accuracy. If the accuracy is still below the desired level of accuracy, the SLID model

may need to be trained on more training examples and/or a greater variety of training
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examples to keep improving the level of accuracy until it reaches the desired level of
accuracy. The process 200 may be repeated over and over again until the SLID model is
producing results at the desired level of accuracy. The SLID model may be periodically
trained to maintain the desired level of accuracy. The results of the testing process may be

output and stored in a database, such as test database 128.

[0034] Referring back to FIG. 1, in another embodiment, the SLID model is trained and/or
tested by a system that is not music language identification system 114. For example, if
music language identification system 114 is associated with an entity, such as a music
discovery or music recommendation platform, seeking to identify language(s) associated
with music, the SLID model may be trained and/or tested by a different entity. After the
SLID model is trained and/or tested by the different entity, the trained and tested SLID
model may be used by that different entity and/or by the entity, such as a music discovery
or music recommendation platform, seeking to identify language(s) associated with music.
The different entity may train and/or test the SLID model in a manner similar to that

described above with respect to FIG. 2.

[0035] Once trained and tested, the SLID model may be used to identify one or more
languages associated with music. In an embodiment, music language identification system
114 uses the SLID model to recognize one or more languages associated with music. To
recognize one or more languages associated with music, music language identification
system 114 may receive as input, from a music database 104, music 108. The music 108
may include a plurality of pieces of music, such as music pieces 110a-d. Each music piece
110a-d may be an entire song or may be a portion of a song, such as a 30-second portion of

a song.

[0036] Each music piece 110a-d may be associated with audio data (i.e. an audio clip)
and/or metadata. If a music piece 110a-d is associated with audio data, 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. If a music piece
110a-d is associated with metadata, the metadata may indicate any information about the

music piece such as song title, album name, artist name, and/or an identification number.

[0037] To recognize one or more languages associated with a piece of music, music

language identification system 114 may input the audio data and metadata associated with

10



WO 2022/182298 PCT/SG2022/050093

that piece of music to the SLID model. For example, to recognize one or more languages
associated with music piece 110a, music language identification system 114 may input
audio data 112a and metadata 114a associated with music piece 110a. The SLID model may
use audio data 112a and metadata 114a to predict one or more languages associated with
music piece 110a. The recognition of one or more languages associated with music piece
110a may be stored in a database, such as in a recognition database 126. As another
example, to recognize one or more languages associated with music piece 110b, music
language identification system 114 may input audio data 112b and metadata 114b
associated with music piece 110b. The SLID model may use audio data 112b and metadata
114b to recognize one or more languages associated with music piece 110b. The
recognition of one or more languages associated with music piece 110b may be stored in a

database, such as in recognition database 126.

[0038] As discussed above, the SLID model may be trained to recognize one or more
languages associated with a piece of music even if there is a missing modality of that
particular piece of music. For example, a piece of music may not be associated with either
audio data or metadata. The SLID model may still be able to recognize one or more
languages associated with that piece of music. For example, music piece 110c is associated
with audio data 112c¢. However, music piece 110¢ does not have any associated metadata.
To recognize one or more languages associated with music piece 110¢c, music language
identification system 114 may input audio data 112¢c. The SLID model may use audio data
112¢ recognize one or more languages associated with music piece 110c. The recognition of
one or more languages associated with music piece 110c may be stored in a database, such
as in recognition database 126. As another example, music piece 110d is associated with
metadata 114d. However, music piece 110d does not have any associated audio signal. To
recognize one or more languages associated with music piece 110d, music language
identification system 114 may input metadata 114d. The SLID model may use metadata
114d to recognize one or more languages associated with music piece 110d. The
recognition of one or more languages associated with music piece 110d may be stored in a
database, such as in recognition database 126. FIG. 3, discussed in detail below, illustrates

an exemplary SLID model used to recognize one or more languages associated with music.

[0039] As noted, music database 104 and training example database 106 may respectively
provide music samples 114a-b and training examples 118a-b to music language

identification system 114. As also noted above, music language identification system 114

11
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may music classification results to recognition database 126. In some embodiments, one or
more of music database 104, training example database 106, recognition database 126, or
test database 128 may be integrated with music language identification system 114. In some
embodiments, the data stored in two or more of the music database 104, training example
database 106, recognition database 126, or test database 128 may alternatively or

additionally be stored in a single database.

[0040] Music language identification system 114, music database 104, training example
database 106, recognition database 126, and test database 128 may each comprise one or
more computing devices and/or network devices. For example, music language
identification system 114, music database 104, training example database 106, recognition
database 126, and test database 128 may each comprise one or more networked servers.
Music language identification system 114, music database 104, training example database
106, recognition database 126, and test database 128 may each comprise a data storage

device and/or system, such as a network-attached storage (NAS) system.

[0041] Music language identification system 114, music database 104, training example
database 106, recognition database 126, and test database 128 may each be implemented in
one or more computing devices. Such a computing device may comprise one or more
processors and memory storing instructions that, when executed by the one or more
processors, cause the computing device to perform one or more of the various methods or
techniques described here. The memory may comprise volatile memory (e.g., random
access memory (RAM)) and/or non-volatile memory (e.g., a hard or solid-state drive). The
memory may comprise a non-transitory computer-readable medium. The computing device
may comprise one or more input devices, such as a mouse, a keyboard, or a touch interface.
The computing device may comprise one or more output devices, such as a monitor or
other video display. The computing device may comprise an audio input and/or output. The
computing device may comprise one or more network communication interfaces, such as a
wireless transceiver (e.g., Wi-Fi or cellular) or wired network interface (e.g., ethernet). The
one or more network communication interfaces may be configured to connect to the

network 130.

[0042] In an embodiment, music 108 may be output to different client devices 132 via
network 130. Music 108 may be streamed to client devices 132. Client devices 132 may be
configured to access music 108. In an embodiment, one or more client devices 132

comprise a content application 134. Content application 134 outputs (e.g., display, render,
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present) music 108 to a user associated with client device 132. The one or more languages
recognized to be associated with music 108 may be used to make song recommendations
for users of client devices 132. For example, if a user of client device 132 is determined to
understand Spanish or have listened to Spanish songs, pieces of music that music
classification system 114 has identified as being associated with the Spanish language may
be recommended to that user. In an embodiment, a user may use content application 134 on
client device 132 to listen to the music 108. For example, the user may use content
application 134 on client device 132 to listen to music pieces that have been recommended

for that user based on one or more languages associated with the music pieces.

[0043] Client devices 132 may comprise any type of computing device, such as a mobile
device, a tablet device, laptop, a desktop computer, a smart television or other smart device
(e.g., smart watch, smart speaker, smart glasses, smart helmet), a gaming device, a set top
box, digital streaming device, robot, and/or the like. Client devices 132 may be associated
with one or more users. A single user may use one or more client devices 132 to access the
cloud network 102. Client devices 132 may travel to a variety of locations and use different

networks to access the cloud network 102.

[0044] As discussed above, a SLID model may be used to recognize one or more
languages associated with music. FIG. 3 illustrates an example SLID model 300 that may
be used to identify one or more languages associated with music, such as music 108 shown
in FIG. 1. In an embodiment, SLID model 300 is part of music language identification
system 114 of FIG 1. SLID model 300 may have been trained using a process similar to that
described above. SLID model 300 may receive, as input, audio data and/or metadata
associated with music pieces. SLID model 300 may recognize and output languages

associated with the music pieces.

[0045] In an embodiment, SLID model 300 receives both audio data, such as an audio
signal 302, and metadata, such as metadata 304, associated with a piece of music. The piece
of music may be a piece of music that an individual or entity wants to classify based on
language. 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. Audio signal 302 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. Metadata 304 may indicate any information about

the piece of music such as song title, album name, artist name, and/or an identification
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number.

[0046] In an embodiment, SLID model 300 pre-processes received audio signal 302. A
sub-network 308 of SLID model 300 may be responsible for performing the pre-processing.
Pre-processing audio signal 302 may involve generating information representative of
audio signal 302. This information representative of audio signal 302 may be configured to

be used by SLID model 300 in the language recognition process.

[0047] In an embodiment, the information representative of audio signal 302 may be an
image representative of extracted features of audio signal 302. For example, the image
representative of extracted features of audio signal 302 may include a spectrogram
representative of how a frequency of audio signal 302 varies with time. Sub-network 308
may extract features of audio signal 302 in a variety of ways, including but not limited to
one or more of a short-term Fourier transform, a mel-spectogram, a Mel-frequency
cepstrum (MFCC), constant-Q transform, or a machine learning module. For example,
audio signal 302 may originally be a 44.1 kHz 30-second music sample, and during
pre-processing, audio signal 302 may be resampled to 22,050 Hz and converted into
128-bin log-magnitude Mel-spectrograms (128 x 2580) with a 1024-point fast Fourier

transform and a 256 hop-size.

[0048] As an illustrative embodiment, FIG. 4 illustrates an example spectrogram 400
representative of features of an audio signal, such as audio signal 302. Spectrogram 400 is a
mel-spectogram. Spectrogram 400 may have been generated, for example, by sub-network
308. Spectrogram 400 may be representative of features of a 44.1 kHz 30-second music
sample, such as how the frequency of the music sample varies with time. Spectrogram 400
may have been generated by resampling the music sample to 22,050 Hz and converting it

into spectrogram 400 with a 1024-point fast Fourier transform and a 256 hop-size.

[0049] Referring back to FIG. 3, in an embodiment, SLID model 300 pre-processes
received metadata 304. A sub-network 310 of SLID model 300 may be responsible for
performing the pre-processing. Pre-processing metadata 304 may involve generating
information representative of metadata 304. This information representative of metadata

304 may be configured to be used by SLID model 300 in the language recognition process.

[0050] In an embodiment, the information representative of metadata 304 may be a vector.
If the information representative of metadata 304 is a vector, the vector may be

representative of extracted features of metadata 304. For example, the information
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representative of metadata 304 may be a language probability vector. The information
representative of metadata 304 may be generated in a variety of ways. In one embodiment,
pre-processing metadata 304 may include joining strings of metadata 304 in an order of
artist name, album name, and track title. The joined strings may be input to a language
detection model, such as Python’s langdetect, which may use a function, such as
detect langs(s), to estimate a S6-dimensional language probability vector. A probability of
55 supported languages may be output. However, there may be some cases where the
function returns an error value, such as when the text is blank or contains a numeric value.

The 56-th dimension of the vector may be used to indicate those exceptions.

[0051] As an illustrative embodiment, FIGS. Sa-b illustrate example vectors 500, 502
representative of extracted features of metadata, such as metadata 304. Vectors 500, 502
are S6-dimensional language probability vectors. Vectors 500, 502 may be generated by
joining strings of metadata, such as metadata 304, in an order of artist name, album name,
and track title. The joined strings may be input to a language detection model, such as
Python’s langdetect, which may use a function, such as detect langs(s), to estimate vectors
500, 502. Vector 500 indicates that a first set of metadata has a 28% probability of being
associated with Afrikaans and an 71% probability of being associated with Portuguese.
Vector 502 indicates that a second set of metadata has a 99.999% probability of being

associated with English.

[0052] Referring back to FIG. 3, if the information representative of metadata 304 is a
language probability vector, the precision of the language probability vector may be
dependent on which strings of metadata 304 are used to generate the language probability
vector. For example, as discussed above, metadata 304 may include artist name, album
name, and track title. The performance of the language detection model may depend on

which strings of metadata are input to the language detection model.

[0053] FIG. 6 illustrates an example table 600 depicting a macro averaged performance of
a language detection model, such as Python’s langdetect with various metadata string inputs.
For example, table 600 shows that if a language detection model receives only the artist
name as input, the language detection model has a precision of .323, a recall of .221, and an
Fl-score of .149. An Fl-score is a weighted average of the precision and recall, where an
F1 score reaches its best value at 1 and worst score at 0. Table 600 also shows that if a
language detection model receives only the album name as input, the language detection

model has a precision of .399, a recall of .378, and an Fl-score of .284. Additionally,
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table 600 shows that if a language detection model receives only the track title as input, the

language detection model has a precision of .450, a recall of .444, and an F1-score of .317.

[0054] The performance of the language detection model improves when it receives all of
the artist name, album name, and track title joined together as input. Table 600 shows that if
a language detection model receives all of the artist name, album name, and track title
joined together as input, the language detection model has a precision of 510, a recall
of .569, and an F1-score of .429. As an Fl1-score reaches its best value at 1 and worst score
at 0, the Fl-score of 429 is significantly better than the Fl-score when the language
detection model receives only the track title, only the album name, or only the track title as
input. While FIG. 6a depicts the macro-averaged performance of the language detection
model with all metadata strings joined together, the weighted average

precision/recall/F1-score are .922/.819/.857, respectively.

[0055] The precision of the language probability vector may be different for different
languages. For example, the language detection model may be able to recognize certain
languages within music with a higher precision than other languages. The languages that
are more prevalent in the training data for the language detection model may, for example,
be able to be recognized with a higher precision than those languages that are less prevalent

in the training data.

[0056] Referring back to FIG. 3, in an embodiment, SLID model 300 inputs information
representative of audio signal 302, such as a spectrogram representative of audio signal 302
generated during pre-processing, into a sub-network 316. Sub-network 316 may be a
convolutional neural network, such as ResNet-50, and may include 64 base channels.
Sub-network 316 may use the information representative of audio signal 302 to generate a
vector. For example, sub-network 316 may receive, as input, the information representative
of audio signal 302, such as a spectrogram representative of audio signal 302, and output a
2048-channel feature map, such as a feature map that has a size of (4 x 81). Sub-network
316 may then apply a global average pooling to the 2048-channel feature map, and output a

one-dimensional vector, such as a one-dimensional vector with a length of 2048.

[0057] In an embodiment, SLID model 300 inputs information representative of
metadata 304, such as a language probability vector generated during pre-processing, into a
sub-network 318. Sub-network 318 may be a neural network, such as a feedforward

artificial neural network. For example, sub-network 318 may be a 3-layer multilayer
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perceptron (MLP), where each of the three layers includes a 128-unit fully connected layer,
a batch normalization layer, and an activation function, such as a rectified linear activation
function (ReLU). Sub-network 318 may receive as input, the information representative of
metadata 304, such as a 56-dimensional language probability vector, and output a

one-dimensional vector, such as a one-dimensional vector with a length of 128.

[0058] As described above, existing SLID models aim to identify language within music
using only a portion of the music data—some use solely audio content, others use track title
and album name. Because these existing SLID models use only a portion of the music data,
they are not able to identify language within music with a high accuracy rate. SLID model
300 is able to identify language within music with a higher accuracy rate than existing
SLID models because SLID model 300 has been trained using training examples at least a
majority of which comprise audio data, metadata and information indicating at least one
language associated with each training example. To use both audio data and metadata
associated with music to identify one or more languages associated with the music, SLID
model 300 may concatenate the output of audio sub-network 316 and metadata sub-network
318. To concatenate the output of audio sub-network 316 and metadata sub-network 318,
SLID model 300 may input the output of audio sub-network 316 and metadata sub-network
318 into a sub-network 320. Sub-network 320 may concatenate the output of audio
sub-network 316 and metadata sub-network 318. Sub-network 320 may include a machine

learning module, such as an MLP or a convolutional neural network.

[0059] SLID model 300 may input this concatenation into a sub-network 322.
Sub-network 322 may be a neural network, such as a feedforward artificial neural network.
For example, sub-network 322 may be an MLP, such as an MLP that includes a 256-unit
fully-connected hidden layer, a batch normalization layer, an activation function, such as a
rectified linear activation function (ReLU), and an 11-unit fully connected layer with a
Softmax activation. Sub-network 322 may receive as input, from sub-network 320, the
concatenation, and output a language estimate 324. Language estimate 324 may indicate
one or more languages recognized to be associated with a particular music piece. As
discussed above, a language may be associated with a particular music piece if the language
is used in the lyrics of the music piece. Additionally, or alternatively, a language may be
associated with a particular piece of music if it is a language commonly spoken in a
geographic region associated with some other feature of the music sample, such as an

instrument used in the music piece. Additionally, or alternatively, a language may be
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associated with a particular piece of music if it is associated with a song title, album title, or

artist name of the music piece.

[0060] As discussed above, existing SLID models do not utilize all of the information
utilized by an advanced SLID model, such as SLID model 300. For example, some existing
SLID models use audio data or metadata, but existing SLID models do not utilize both. An
advanced SLID model, such as SLID model 300, performs significantly better than existing
SLID models by utilizing more information—both audio data and metadata. FIG. 7
illustrates example graphs depicting the performance ability an SLID model trained on only
audio data, an SLID model trained on only metadata, and an advanced SLID model, such as

SLID model 300, that is trained on both audio data and metadata.

[0061] The graph 700 illustrates the performance of an example SLID model trained on
text (i.e. metadata) only. Its precision, recall, and Fl-score are .526 / 415 / 422 (macro
averaging) and .896 / 914 / 900. (weighted averaging). The SLID model trained on
text-only is heavily affected by the class imbalance of the training set. The SLID model
trained on text-only leads to a negative effect for some languages. For example, the SLID
model trained on text-only completely fails at identifying languages such as “Korean,”
“Japanese,” “German,” and “Slovakian.” The graph 702 illustrates the performance of an
example SLID model trained on audio-only. The precision, recall, and Fl-score are
respectively .387 / 248 / 275 (macro averaging) and 852 / .884 / 857 (weighted
averaging). The SLID model trained on audio-only leads to a negative effect for some
languages. For example, the SLID model trained on audio-only completely fails at
identifying languages such as “Others,” “Polish,” “Italian,” and “Slovakian.” As illustrated
by a comparison of graph 700 and graph 702, the SLID model trained on text-only
outperformed the SLID model trained on audio only. However, this does not mean that
audio is less useful than metadata for music language recognition. Rather, these results may
indicate that the information from metadata input is almost saturated, and that by better
understanding the audio data associated with a song, an improved SLID model may be

generated.

[0062] The graph 704 illustrates the performance of an example advanced SLID model,
such as SLID model 300, trained on both audio and metadata. The precision, recall, and
Fl-score are respectively .688 / 435 / 504 (macro averaging) and 911 / 922 / 911
(weighted averaging). The graph 702 shows a performance improvement over the

performances illustrated in both graph 700 and graph 702 emphasizing the benefit of using
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multi-modal information. Among languages, graph 704 illustrates that the advanced SLID
model shows low recall rates for “Korean,” “French,” “Japanese,” “German,” and “Italian.”
The class imbalance of the training set may be responsible for these low recall rates, as a
classification of unconfident items is likely to be biased towards “English.” Graph 704 also
illustrates that the overall improvement of the F1-score over that of graphs 700 and 702
benefitted a number of languages, including popular languages, such as “English,”
“Spanish,” “Korean,” and “Others” and also some less popular languages, such as “Italian”
and “Slovakian.” Notably, both the text-only and audio-only SLID models completely
failed at identifying “Slovakian.”

[0063] The various sub-networks of SLID model 300 may function as hidden layers in the
overall SLID model 300. For example, sub-network 316 processes the audio data and
sub-network 318 processes the metadata, and the output from both of these sub-networks
feed into the sub-network 320. The output of sub-network 320 then feeds into sub-network
322. The output of sub-network 322 is the desired language recognition result. The SLID
model 300 is not trained to provide intermediary results. Rather, the SLID model 300 is
trained to provide the desired output from the overall SLID model 300.

[0064] FIG. 8 depicts an example process 800 for training and applying a SLID model,
such as SLID model 300. The process 800 may be performed, for example, by music
language identification system 114 of FIG. 1. As discussed above, an SLID model needs to
be trained and tested before it is used to recognize languages associated with music. To
train and test the SLID model, training data and testing data may be generated. Training and
testing data may be generated using different datasets. At 802, data is collected. The data
may be collected from a dataset including music samples. 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. Each
of the music samples may be associated with audio data (i.e. an audio clip) and/or metadata.
If a music sample is associated with audio data, 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. If a music sample is associated with
metadata, the metadata may indicate any information about the music sample, such as song

title, album name, artist name, and/or an identification number.

[0065] The collected data may be used to generate training data and/or test data that can

be used to train and/or test the SLID model. At 804, training examples and/or test examples
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are defined. As discussed above, the training examples for the SLID 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 SLID 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 SLID model may vary, but in an embodiment, over 100,000

training examples are used to train the SLID model.

[0066] The training examples may indicate one or more languages associated with a
plurality of different music samples, such as music samples collected at 802. The one or
more languages associated with a particular music sample may indicate one or more
languages used in the lyrics of the music sample. For example, if a music sample features a
woman singing in French and a man rapping in English, that music sample may be
associated with both the French and English languages. Additionally, or alternatively, the
one or more languages associated with a particular music sample may indicate a language
commonly spoken in a geographic region associated with some other feature of the music
sample. For example, if a particular instrument used in a music sample is native to Mexico,
the one or more languages associated with that music sample may include Spanish

regardless of whether the lyrics of that song are in Spanish.

[0067] Each of the music samples in the training examples may be associated with audio
data (i.e. an audio clip) and/or metadata. If a music sample is associated with audio data,
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. If a music sample is associated with metadata, the metadata may indicate any
information that exists and is easily accessible for a majority of music tracks, such as song
title, album name, artist name, and/or an identification number. As also discussed above, the
test examples that are used to test the SLID may be similar to the training examples used to
train the SLID model. For example, each test example may include audio data and/or

metadata and one or more languages associated with each of a variety of music samples.

[0068] The SLID model may be trained on the generated training data. At 806, the SLID
model may be trained to identify one or more languages associated with a piece of music.

The generated training examples may be used to train the SLID model. The audio data
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and/or metadata of the training examples may be paired with the expected output (i.e. the
language(s) that have already been associated with the music samples). By pairing the
audio data and/or metadata with the known languages in the respective music samples and
using these pairs to train the SLID model, the SLID model may learn to associate particular

features of audio data and/or metadata with different languages.

[0069] In an embodiment, it is desirable to train the SLID model in such a way that it is
still able to recognize one or more languages associated with a music sample that is missing
either audio data or metadata. To train the SLID model in this way, a technique called
Dropout may be used when generating the training examples. In a dropout module, the
audio data of a certain percentage of the music samples used in the training examples, such
as 5%, 10%, 30% or any other percentage of music samples, may be “dropped out.”
Similarly, the metadata of a certain percentage of the music samples used in the training
examples may be “dropped out.” This means that out of the entire set of training examples,
a certain percentage of training examples would have a zero value for the audio data, and a
certain percentage of training examples would have a zero value for the metadata. The
training examples that have a zero value for audio data may be associated with different
music samples that the training examples that have a zero value for metadata. A certain
percentage of the training examples, such as a majority of the training examples, may have
not have a zero value for either the audio data or the metadata (i.e. neither the audio data
nor the metadata was “dropped out” for those music samples.) In this way, missing
modality cases may be simulated while training the SLID model. As a result, a single SLID
model can be used to recognize language within music even if there is a missing modality

of a particular piece of music.

[0070] The SLID 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
language recognition. The desired recognition accuracy level may be determined by the
entity or individual training the SLID model, and the SLID model may continue to be
trained until it has learned enough to make language recognition with the desired level of
accuracy. To determine if the SLID model is making language recognition with the desired
level of accuracy, the SLID model may be tested. The SLID model may be tested using the
generated test data. At 808, the language recognition accuracy of the SLID model may be
evaluated. To test the SLID model, the generated test examples may be input to the SLID

model, and the output of the SLID model may be compared to an expected result.
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[0071] While, like the training examples, the test examples include one or more languages
associated with that music sample, the one or more languages are not input into the SLID
model during testing. Rather, only audio data and/or metadata associated with the music
samples may be input to the SLID model to see which languages the SLID model
recognizes are associated with the music samples. The recognition results may be compared
to the languages indicated by information included in the test examples (i.e. the expected

results.)

[0072] If the recognition results do not match the expected results, the SLID 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 SLID model is producing
recognition results at the desired level of accuracy. At 810 it may be determined whether
the language recognition accuracy is satisfactory. The language recognition accuracy may
be satisfactory if it meets or exceeds the desired level of accuracy. Conversely, the language
recognition accuracy may not be satisfactory if it does not meet or exceed the desired level
of accuracy. If the language recognition accuracy is not satisfactory, method 800 may return
to 802 to collect more data. Additional training examples and/or testing examples may be
generated based on this newly collected data, the SLID model may be further trained based
on these new training examples, and re-tested. This process may continue until the language

recognition accuracy is satisfactory.

[0073] If the language recognition accuracy is satisfactory, method 800 may proceed to
812. At 812, languages in pieces of music may be identified using the trained SLID model.
The one or more languages associated a particular piece of music may indicate one or more
languages used in the lyrics of the music sample. For example, if a piece of music features a
woman singing in French and a man rapping in English, that piece of music may be
associated with both the French and English languages. Additionally, or alternatively, the
one or more languages associated with a particular piece of music may indicate a language
commonly spoken in a geographic region associated with some other feature of the music
sample. For example, if a particular instrument used in a music sample is native to Mexico,
the one or more languages associated with that piece of music may include Spanish

regardless of whether the lyrics of that song are in Spanish.

[0074] At 814, the identified languages and their associated music pieces may be stored.
For example, the identified languages and their associated music pieces may be stored in a

database, such as recognition database 126. Once stored, this information may be used to
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make song recommendations, such as for users of client devices 132. For example, if a user
is known to speak or understand Spanish, stored pieces of music that are associated with the
Spanish language 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.

[0075] FIG. 9 depicts an example process 900 for training and applying a machine
learning model, such as SLID model 300. The process 900 may be performed, for example,
by music language identification system 114 as shown in FIG. 1. As discussed above, an
SLID model needs to be trained before it is used to recognize languages associated with
music. To train the SLID model, training data, such as training examples, may be generated.
The training examples used to train the SLID 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 SLID 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 SLID
model may vary, but in an embodiment, over 100,000 training examples are used to train

the SLID model.

[0076] At 902, training data may be received. The training data comprise information
indicative of audio data representative of a plurality of music samples, metadata associated
with the plurality of music samples, and information indicating at least one language
corresponding to each of the plurality of music samples. One or more languages associated
with a particular music sample may indicate one or more languages used in the lyrics of the
music sample. For example, if a music sample features a woman singing in French and a
man rapping in English, that music sample may be associated with both the French and
English languages. Additionally, or alternatively, the one or more languages associated with
a particular music sample may indicate a language commonly spoken in a geographic
region associated with some other feature of the music sample. For example, if a particular
instrument used in a music sample is native to Mexico, the one or more languages
associated with that music sample may include Spanish regardless of whether the lyrics of
that song are in Spanish. In an embodiment, each the training examples may be classified
into one or more of a plurality of different languages. For example, there may be 46

language labels in the dataset, including, but not limited to, English, Portuguese, Spanish,
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Korean, French, Japanese, German, Polish, Italian, Slovakian, and others.

[0077] 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. Each of the music samples may be associated with
audio data (i.e. an audio clip) and/or metadata. If a music sample is associated with audio
data, 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. If a music sample is associated with metadata, the metadata may
indicate any information that exists about the music sample, such as song title, album name,

artist name, and/or an identification number.

[0078] A machine learning model may be trained using the training data. At 904, a
machine learning model may be trained to identify a language associated with a piece of
music using the training data. The machine learning model may be trained by applying the
training data to the machine learning model until the model reaches a predetermined
recognition accuracy. Applying the training data to the machine learning model may
involve pairing the audio data and/or metadata of the training examples with the expected
output (i.e. the language(s) that have already been associated with the music samples). By
pairing the audio data and/or metadata with the known languages in the respective music
samples and using these pairs to train the machine learning model, the machine learning
model may learn to associate particular features of audio data and/or metadata with

different languages.

[0079] In an embodiment, it is desirable to train the machine learning model in such a way
that it is still able to recognize one or more languages associated with a music sample that
is missing either audio data or metadata. To train the machine learning model in this way, a
technique called Dropout may be used when generating the training examples. In a dropout
module, the audio data of a certain percentage of the music samples used in the training
examples, such as 5%, 10%, 30% or any other percentage of music samples, may be
“dropped out.” Similarly, the metadata of a certain percentage of the music samples used in
the training examples may be “dropped out.” This means that out of the entire set of
training examples, a certain percentage of training examples would have a zero value for
the audio data, and a certain percentage of training examples would have a zero value for
the metadata. The training examples that have a zero value for audio data may be associated

with different music samples that the training examples that have a zero value for metadata.
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A certain percentage of the training examples, such as a majority of the training examples,
may have not have a zero value for either the audio data or the metadata (i.e. neither the
audio data nor the metadata was “dropped out” for those music samples.) In this way,
missing modality cases may be simulated while training the machine learning model. As a
result, a single machine learning model can be used to recognize language within music

even if there is a missing modality of a particular piece of music.

[0080] The machine learning 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 language recognition. The desired accuracy recognition level may be determined
by the entity or individual training the machine learning model, and the machine learning
model may continue to be trained until it has learned enough to make language recognition
with the desired level of accuracy. To determine if the machine learning model is making
language recognition with the desired level of accuracy, the machine learning model may
be tested and the language recognition accuracy of the machine learning model may be
evaluated. To test the machine learning model, test examples may be input to the machine
learning model, and the output of the machine learning model may be compared to an

expected result.

[0081] Once trained, the machine learning model may be used to recognize language
associated with at least one piece of music. To recognize one or more languages associated
with a piece of music, audio data and/or metadata associated with the piece of music may
be received. At 906, at least one of audio data of a piece of music or metadata 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 language. 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.
The metadata may indicate any information about the piece of music such as song title,

album name, artist name, and/or an identification number.

[0082] In an embodiment, the information indicative of audio data representative of a
piece of music is an image representative of extracted features of the audio data of the piece
of music. For example, the information indicative of audio data representative of a piece of

music may be a mel-spectogram or a mel-frequency cepstrum (MFCC) representative of
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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, the information indicative of
metadata associated with a piece of music may be a vector representative of extracted
features of the metadata of the piece of music. For example, the vector may be a language

probability vector.

[0083] At 908, at least one language associated with the piece of music may be
determined based on the received data using the trained machine learning model. The one
or more languages associated a particular piece of music may indicate one or more
languages used in the lyrics of the music sample. For example, if a piece of music features a
woman singing in French and a man rapping in English, that piece of music may be
associated with both the French and English languages. Additionally, or alternatively, the
one or more languages associated with a particular piece of music may indicate a language
commonly spoken in a geographic region associated with some other feature of the music
sample. For example, if a particular instrument used in a music sample is native to Mexico,
the one or more languages associated with that piece of music may include Spanish

regardless of whether the lyrics of that song are in Spanish.

[0084] Determining the at least one language associated with the piece of music may be
accomplished by generating, based on the information indicative of audio data
representative of the piece of music, a first vector representative of an audio signal of the
piece of music, and generating, based on the information indicative of the metadata
associated with the piece of music, a second vector representative of the metadata of the
piece of music. The first vector and second vector may be combined, or concatenated, and
the combination may be used to recognize at least one language associated with the piece of
music. However, as discussed above, the machine learning model is trained to recognize
one or more languages associated with a piece of music even if there is a missing modality
of that particular piece of music. For example, a piece of music may not be associated with
either audio data or metadata. The machine learning model may still be able to recognize

one or more languages associated with that piece of music.

[0085] The recognition of one or more languages associated with music piece may be
stored in a database, such as in 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 speak or understand Spanish, stored pieces of music that are
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associated with the Spanish language 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.

[0086] FIG. 10 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 language 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 1000 of FIG.
10. The computer architecture shown in FIG. 10 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. 2, 8, or

9.

[0087] The computing device 1000 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) 1004 may operate in conjunction with a chipset 1006. The CPU(s)
1004 may be standard programmable processors that perform arithmetic and logical

operations necessary for the operation of the computing device 1000.

[0088] The CPU(s) 1004 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 to create more complex logic circuits including registers, adders-subtractors,

arithmetic logic units, floating-point units, and the like.

[0089] The CPU(s) 1004 may be augmented with or replaced by other processing units,
such as GPU(s) 905. The GPU(s) 905 may comprise processing units specialized for but not
necessarily limited to highly parallel computations, such as graphics and other

visualization-related processing.

[0090] A user interface may be provided between the CPU(s) 1004 and the remainder of

the components and devices on the baseboard. The interface may be used to access a
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random access memory (RAM) 1008 used as the main memory in the computing device
1000. The interface may be used to access a computer-readable storage medium, such as a
read-only memory (ROM) 1020 or non-volatile RAM (NVRAM) (not shown), for storing
basic routines that may help to start up the computing device 1000 and to transfer
information between the various components and devices. ROM 1020 or NVRAM may
also store other software components necessary for the operation of the computing device
1000 in accordance with the aspects described herein. The user interface may be provided

by a one or more electrical components such as the chipset 1006.

[0091] The computing device 1000 may operate in a networked environment using logical
connections to remote computing nodes and computer systems through local area network
(LAN) 1016. The chipset 1006 may include functionality for providing network
connectivity through a network interface controller (NIC) 1022, such as a gigabit Ethernet
adapter. A NIC 1022 may be capable of connecting the computing device 1000 to other
computing nodes over a network 1016. It should be appreciated that multiple NICs 1022
may be present in the computing device 1000, connecting the computing device to other

types of networks and remote computer systems.

[0092] The computing device 1000 may be connected to a storage device 1028 that
provides non-volatile storage for the computer. The storage device 1028 may store system
programs, application programs, other program modules, and data, which have been
described in greater detail herein. The storage device 1028 may be connected to the
computing device 1000 through a storage controller 1024 connected to the chipset 1006.
The storage device 1028 may consist of one or more physical storage units. A storage
controller 1024 may interface with the physical storage units through a serial attached SCSI
(SAS) interface, a serial advanced 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.

[0093] The computing device 1000 may store data on a storage device 1028 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 1028 is characterized as primary or secondary storage and the like.
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[0094] For example, the computing device 1000 may store information to the storage
device 428 by issuing instructions through a storage controller 1024 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 1000 may read
information from the storage device 1028 by detecting the physical states or characteristics

of one or more particular locations within the physical storage units.

[0095] In addition or alternatively to the storage device 1028 described herein, the
computing device 1000 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 1000.

[0096] 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-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.

[0097] A storage device, such as the storage device 1028 depicted in FIG. 10, may store
an operating system utilized to control the operation of the computing device 1000. 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 10S and ANDROID, may also be utilized. It should be appreciated that other
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operating systems may also be utilized. The storage device 1028 may store other system or

application programs and data utilized by the computing device 1000.

[0098] The storage device 1028 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 1000 by specifying
how the CPU(s) 1004 transition between states, as described herein. The computing device
1000 may have access to computer-readable storage media storing computer-executable
instructions, which, when executed by the computing device 1000, may perform the

methods described in relation to FIGS. 2, 8, or 9.

[0099] A computing device, such as the computing device 1000 depicted in FIG. 10, may
also include an input/output controller 1032 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 1032
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 1000 may not include all of the components shown in FIG. 10, may
include other components that are not explicitly shown in FIG. 10, or may utilize an

architecture completely different than that shown in FIG. 10.

[00100] As described herein, a computing device may be a physical computing device,
such as the computing device 1000 of FIG. 10. 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.

[00101] 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 processors, 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.

[00102] For purposes of illustration, application programs and other executable program
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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.

29 CC 29

[00103] 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 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.

[00104] 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 at least one of audio data of a piece of music or metadata associated with
the piece of music; and

determining a language associated with the piece of music based on the at least one
of the audio data of the piece of music or the metadata associated with the piece of music
using a model,

wherein the model is trained using training data, the training data comprise
information indicative of audio data representative of a plurality of music samples and
metadata associated with the plurality of music samples, and the training data further
comprise information indicating a language corresponding to each of the plurality of music

samples.

2. The method of claim 1, further comprising:

generating an image representative of extracted features of the audio data of the
piece of music by preprocessing the audio data of the piece of music; and

generating a numerical representative of extracted features of the metadata
associated with the piece of music by preprocessing the metadata associated with the piece

of music.

3. The method of claim 2, wherein the image representative of extracted features
of the audio data of the piece of music comprises a spectrogram representative of how a

frequency of an audio signal of the piece of music varies with time.

4. The method of claim 1, wherein the determining a language associated with
the piece of music using the model comprises:

generating, based on the audio data of the piece of music, a first vector
representative of the audio data of the piece of music;

generating, based on the metadata associated with the piece of music, a second
vector representative of the metadata associated with the piece of music; and

determining, based on the first vector and the second vector, the language associated

with the piece of music.
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5. The method of claim 4, wherein the determining, based on the first vector and
the second vector, the language associated with the piece of music further comprises:
concatenating the first vector and the second vector; and

outputting information indicative of the language associated with the piece of music.

6.  The method of claim 1, wherein the audio data of the piece of music comprise
information indicative of a vocal track of the piece of music and information indicative of

an instrumental track of the piece of music.

7.  The method of claim 1, wherein the metadata associated with the piece of
music comprise at least one of a song title, an album name, an artist name, or an

identification number.

8. Asystem, 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 comprising:

receiving at least one of audio data of a piece of music or metadata associated with
the piece of music; and

determining a language associated with the piece of music based on the at least one
of the audio data of the piece of music or the metadata associated with the piece of music
using a model, wherein the model is trained using training data, the training data comprise
information indicative of audio data representative of a plurality of music samples and
metadata associated with the plurality of music samples, and the training data further
comprise information indicating a language corresponding to each of the plurality of music

samples.

9. The system of claim 8, further comprising:

generating an image representative of extracted features of the audio data of the
piece of music by preprocessing the audio data of the piece of music; and

generating a numerical representative of extracted features of the metadata
associated with the piece of music by preprocessing the metadata associated with the piece

of music.
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10. The system of claim 9, wherein the image representative of extracted features
of the audio data of the piece of music comprises a spectrogram representative of how a

frequency of an audio signal of the piece of music varies with time.

11. The system of claim 8, the operations further comprising:

generating, based on the audio data of the piece of music, a first vector
representative of the audio data of the piece of music;

generating, based on the metadata associated with the piece of music, a second
vector representative of the metadata associated with the piece of music; and

determining, based on the first vector and the second vector, the language associated

with the piece of music using the model.

12.  The system of claim 11, wherein the determining, based on the first vector and
the second vector, the language associated with the piece of music further comprises:
concatenating the first vector and the second vector; and

outputting information indicative of the language associated with the piece of music.

13.  The system of claim 8, wherein the audio data of the piece of music comprise
information indicative of a vocal track of the piece of music and information indicative of

an instrumental track of the piece of music.

14. The system of claim 8, wherein the metadata associated with the piece of
music comprise at least one of a song title, an album name, an artist name, or an

identification number.

15. A non-transitory  computer-readable  storage =~ medium,  storing
computer-readable instructions that upon execution by a processor cause the processor to
implement operations comprising:

receiving at least one of audio data of a piece of music or metadata associated with
the piece of music; and

determining a language associated with the piece of music based on at least one of
the audio data of the piece of music or the metadata associated with the piece of music

using a model, wherein the model is trained using training data, the training data comprise
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information indicative of audio data representative of a plurality of music samples and
metadata associated with the plurality of music samples, and the training data further
comprise information indicating a language corresponding to each of the plurality of music

samples.

16. The non-transitory computer-readable storage medium of claim 15, the
operations further comprising:

generating an image representative of extracted features of the audio data of the
piece of music by preprocessing the audio data of the piece of music; and

generating a vector representative of extracted features of the metadata associated

with the piece of music by preprocessing the metadata associated with the piece of music.

17. The non-transitory computer-readable storage medium of claim 16, wherein
the image representative of extracted features of the audio data of the piece of music
comprises a spectrogram representative of how a frequency of an audio signal of the piece

of music varies with time.

18. The non-transitory computer-readable storage medium of claim 15, the
operations further comprising:

generating, based on the audio data of the piece of music, a first vector
representative of the audio data of the piece of music;

generating, based on the metadata associated with the piece of music, a second
vector representative of the metadata associated with the piece of music; and

determining, based on the first vector and the second vector, the language associated

with the piece of music.

19. The non-transitory computer-readable storage medium of claim 18, the
operations further comprising:
concatenating the first vector and the second vector; and

outputting information indicative of the language associated with the piece of music.

20. The non-transitory computer-readable storage medium of claim 15, wherein
the audio data of the piece of music comprise information indicative of a vocal track of the

piece of music and information indicative of an instrumental track of the piece of music.

35



WO 2022/182298 PCT/SG2022/050093
1/10

Music Language Identification System 114 b p—

I
| . Node 116
| Music Database 104
I —
| Training
: Example Database 106
| Music 108
Piece 110a Piece 110b
| Audio |[ Meta || [[Audio | [ Meta Example 118a || Example 118b
| signal || data signal || data Audio signal Audio signal
| 112a 114a 112b 114b 120a 120b
| Piece 110c Piece 110d Metadata 122a | ff | Metadata 122b
| Audio Meta Language Language
| signal data 124a 1240
112¢ 114d
| P
I
I
I
I Recognition Database Test Database 128
I 126
I
I
I Y
I
I
I

Client 132

FIG. 1




¢ 'Ol

PCT/SG2022/050093

A 4

181898} Aorunooy

Blepela 189 Indu|

2/10

o
(@]

Ko
(@]

(3]
(@]

BleQ olpny 1s8] Indu|

[Spow AN

WO 2022/182298

00¢



PCT/SG2022/050093

€ Ol

3/10

WO 2022/182298

. . VOE
-] 53 w (]K3 elep
YIOM}au-gng ~ Womisu-qng BISIN
[Z743
alewinsy — <
abenbue
TR 80¢€ _mm%%m
yIomau-qng D Jlomisu-gng o__o:<
F443 0ce
vie .M A
00€



WO 2022/182298

400
N

4/10

PCT/SG2022/050093

G
proe
F I G [ ] I

g



PCT/SG2022/050093
5/10

WO 2022/182298

o P «

s o A g B
G Gy

“ # 7 ’

v
o e 1 1% e ve S DU
o

Wt wrt hew N it W

E 3 : %
v, Py

,.
5t Y

W i L W 3 g i

FIG. 5a

. -

Py
var

;o
G %5 B

v .
W L

y

FIG. 5b



WO 2022/182298 PCT/SG2022/050093
6/10

600

Text input Precision Recall FlScore
Artist Name 323 224 1489
Album Name S64 378 284
Track Title A30 Add 317
Jotning Al S8 S69 29

602

Language  Preelsion  Recall  FlbSeare  Support
English Re8 RS 1 84,103
Portuguese SUT RN J83 TON
spanish £H76 LM 647 3225
Korean Add 3 047 i
Others R 00 63 RN
Freach 367 SE3 482 QU4
261 6l
66 377
6237 446
23

£
R -
RE Y

4 1
Lkl tas

Japancse KOS
German 093
Polish ]
Ttalian 236
Stovakian A

5 i

vy
o
05
S d] L] ] e
&, --z
Yot

LA
v;:hv

FIG. 6b



PCT/SG2022/050093

WO 2022/182298

7/10

J" 700

TO-Main Model (Text-Oniy} / Text-Input Only

Camanasgraanansiasnansasananes

- p
W i ﬁ@v\,
\v\s\.\\w\\\saw‘\\\\,aov\\\,e .\N@ “\Q
“““““““ : v G..\ \@
¢ Ve Y
5 2
]
iy
1
4
Commr
7
.
.
R S
s oz o
M o,
G ¥
G B o L,
: ; @
v ¥

702

Q.5

= . o
= . B
S o @,
o .\,oxx‘\.\m\\.\:\v\m\\,ee.\\w\,\\v.\.\ ﬁ“\a QQ:
B . % 3
£ L & %
T a 3
nm M w
R
< %
~— T
-l
>
=
Q
g2 .
5% . ik

oy : ;
268
3 5 g X

. 2,
& A G
o \ & (o
,m N : ﬁw\
£ e & .
= n . ! P
("
%

704
adel) Multi-Modality Model/ Both inputs_{

L S G
S wmm
G Y, g,
G B omimmmgaayg, £

Y

{"{\‘E&iﬂﬁ 84

FIG. 7



WO 2022/182298 PCT/SG2022/050093
8/10

800

—> Collect data 802

|

Define training data and test data 804

Train model to identify a language associated with a
piece of music 806

Evaluate language prediction accuracy 808

Is language prediction
accuracy satisfactory? 810

Identify languages in music using trained model 812

Store identified languages 814

FIG. 8



WO 2022/182298 PCT/SG2022/050093
9/10

900

Receive training data, wherein the training data comprise information
indicative of audio data representative of a plurality of music samples and
metadata associated with the plurality of music samples, the training data

further comprising information indicating a language corresponding to each of
the plurality of music samples 902

Train a machine learning algorithm to identify a language associated with a
piece of music by applying the training data to the machine learning model
until the model reaches a predetermined accuracy 904

Receive at least one of audio data of the piece of music or metadata
associated with the piece of music 906

Determine a language associated with the piece of music using the trained
machine learning model 908

FIG. 9



WO 2022/182298 PCT/SG2022/050093

10/10
Network Interface Input/Output
Controller Controller
1022 1032

! !

Chipset 1003

! !

CPU{S} RAM ROM Storage Controller
1004 1008 1020 1024

L

;

1028

i
i

1000 S

Management
Component
1010

(

__—

FIG. 10



INTERNATIONAL SEARCH REPORT International application No.
PCT/SG2022/050093

A. CLASSIFICATION OF SUBJECT MATTER
G10L 15/16 (2006.01) GO6N 20/00 (2019.01) GO6N 3/02 (2006.01) G10L 25/30 (2013.01)

According to International Patent Classification (IPC)

B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)
G10L, GO6N, GO6F

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)

FamPat / IEEE Xplore / Google Scholar / CNKI: music, sing, language, identification, audio, metadata, train, & 4, {6 5,
B, W, EA, uEdE, i E, )14, and related terms.

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category* Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.

X KRUSPE M. ANNA, Phonotactic Language Identification for Singing. Proc. 1-20
Interspeech 2016, 8-12 September 2016, pages 3319-3323

[Retrieved on 2022-05-20] <DOI: 10.21437/INTERSPEECH.2016-131>
Sections 3.1.2, 4.4, 5; Figure 1

A KRUSPE M. ANNA, Improving Singing Language Identification through i-Vector
Extraction. Proc. of the 17th Int. Conference on Digital Audio Effects (DAFx-14),
Erlangen, Germany, 1-5 September 2014, pages DAFX 1-7

[Retrieved on 2022-05-20] <HTTP:/AMWWW.DAFX.DE/PAPER-
ARCHIVE/DETAILS.PHP?ID=NWYF1OWTSFVLYY05BOUM7A>

Whole document

A CN 110838286 A (TENCENT TECHNOLOGY SHENZHEN CO LTD ET AL.) 25
February 2020

Whole document of the original non-English language document (a machine
translation is enclosed only for your reference)

# Further documents are listed in the continuation of Box C. See patent family annex.

*Special categories of cited documents:
“A” document defining the general state of the art which is not “T” later document published after the international filing date or
considered to be of particular relevance priority date and not in conflict with the application but cited to
understand the principle or theory underlying the invention

“X” document of particular relevance; the claimed invention
cannot be considered novel or cannot be considered to
involve an inventive step when the document is taken alone

“Y” document of particular relevance; the claimed invention
cannot be considered to involve an inventive step when the
document is combined with one or more other such

“D” document cited by the applicant in the international application
“E” earlier application or patent but published on or after the
international filing date

“L” document which may throw doubts on priority claim(s) or
which is cited to establish the publication date of another
citation or other special reason (as specified)

“O” document referring to an oral disclosure, use, exhibition or documents, such combination being obvious to a person
other means skilled in the art
“P” document published prior to the international filing date but “&” document member of the same patent family
later than the priority date claimed
Date of the actual completion of the international search Date of mailing of the international search report
20/05/2022 (day/month/year) | 23/05/2022 (day/month/year)
Name and mailing address of the ISA/SG Authorized officer

Intellectual Property Office of Singapore
1 Paya Lebar Link, #11-03 .

PLQ 1, Paya Lebar Quarter LIU Yuanjun (Dr)
Singapore 408533

Email: pct@ipos.gov.sg IPOS Customer Service Tel. No.: (+65) 6339 8616

A\

Eg
b

Form PCT/ISA/210 (second sheet) (July 2019)




INTERNATIONAL SEARCH REPORT International application No.

PCT/SG2022/050093

C (Continuation). DOCUMENTS CONSIDERED TO BE RELEVANT

Category* Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.
A ROXBERGH LINUS, Language Classification of Music Using Metadata.
Master’s thesis, Uppsala Universitet 2019, 19 March 2019
[Retrieved on 2022-05-20] <URN:NBN:SE:UU:DIVA-379625>
Abstract; Sections 1, 3, 4
P.X CHOI KEUNWOO ET AL., Listen, Read, and Identify: Multimodal Singing 1-20

Language Identification. arXiv preprint ¢s.SD 2021, 2 March 2021
[Retrieved on 2022-05-20] <DOI: 10.48550/ARXIV.2103.01893>
Whole document

Form PCT/ISA/210 (continuation of second sheet (1)) (July 2019)




INTERNATIONAL SEARCH REPORT

Information on patent family members

International application No.

PCT/SG2022/050093

Nofte: This Annex lists known patent family members relating to the patent documents cited in this International Search
Report. This Authority is in no way liable for these particulars which are merely given for the purpose of information.

Patent document Publication date Patent family Publication date
cited in search report member(s)
CN 110838286 A 25/02/2020 NONE

Form PCT/ISA/210 (patent family annex) (July 2019)




	Page 1 - front-page
	Page 2 - description
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - description
	Page 25 - description
	Page 26 - description
	Page 27 - description
	Page 28 - description
	Page 29 - description
	Page 30 - description
	Page 31 - description
	Page 32 - description
	Page 33 - claims
	Page 34 - claims
	Page 35 - claims
	Page 36 - claims
	Page 37 - drawings
	Page 38 - drawings
	Page 39 - drawings
	Page 40 - drawings
	Page 41 - drawings
	Page 42 - drawings
	Page 43 - drawings
	Page 44 - drawings
	Page 45 - drawings
	Page 46 - drawings
	Page 47 - wo-search-report
	Page 48 - wo-search-report
	Page 49 - wo-search-report

