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Backgrounds

e The scale of music content has been rapidly growing
o Streaming services provide a huge collection of music tracks
o Music consumption has become fast
o Long-tail in popularity

e Diverse versions of the same song
o Live performance: TV, radio, stage, and other venues
o Cover song: by other artists or amateur musicians
o Remix: DJ music

e Organizing the music content for listeners through recommendation and
search is very important in music streaming services



Music Recommendation

e Basedon userdata

o Listening history
Rating (e.qg, like, thumb up)
Profiles (gender, age)
Time/Location
Context
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Music Recommendation

e Collaborative Filtering
o Analyze the pattern of listening history (“human signal”)
o Applicable to any commercial item (e.g., book, moives, any product )

e Content-based Filtering
o Analye the pattern of music content (“audio signal”)
o Applicable only to music items



Collaborative Filtering

e Recommend music based on mutual user history
o Most widely used in recommender systems

Me: | like songs A, B, C and D.
My friend: | like songs A, B, C and E.

Me: Really? You should check out song D.

My friend: Wow, you also should check out song E.

The basic idea of collaborative filtering

Music Recommendation and Discovery (book), Oscar Celma, 2010



Collaborative Filtering

e Weighted matrix factorization (WMF) is a common approach
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Collaborative Filtering

e General good performance but there are two fundamental limitations
o Cold-start problem: new items cannot be recommended
o Popularity bias: recommended songs are biased to the popularity

Query Collaborative Filtering Results
1. Speed Of Sound - Coldplay
2. Charlie Brown - Coldplay
3. Clocks - Coldplay Biased to an specific artist
4. A Sky Full Of Stars - Coldplay
5. Amazing Day - Coldplay
1. NEW YORK - u}u}&
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Every Teardrop Is
A Waterfall - Coldplay




Content-based Filtering

e Finding similar songs to those in a user’s listening history
o The similarity is measured by the distance between song features
o The song features can be obtained by human annotations (text tags) or
from audio using machine learning
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Music Recommendation and Discovery (book), Oscar Celma,
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Content-based Filtering

e Thelearning model is trained to predict text tags from audio
o The song features can be text tags, audio feature vectors (audio embedding

vectors)
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Content-based Filtering

e Recommend acoustically similar songs
o Not biased to the popularity: good for music discovery

e Limitations

o Recommended songs are not necessarily satisfying (e.g.: too minor music)

o Need high-quality labels for training the model

Similar band sound

A Waterfall - Coldplay

3. Clocks - Coldplay
4. A Sky Full Of Stars - Coldplay
5. Amazing Day - Coldplay

Query Collaborative Filtering Results Content-Based Results
1. Speed Of Sound - Coldplay 1. Cool (Feat. Roy English) - Alesso
Every Teardrop Is 2. Charlie Brown - Coldplay 2. Don’t Look Down (Feat. Usher) - Martin

3. Freefall (Feat. BullySongs) - Armin
4. Airplanes (Feat. Hayley Williams) - B. 0. B
5. Centuries - Fall Out Boy
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Content-based Collaborative Filtering

e Use “item latent vectors” from collaborative filtering as labels
o Resolve the cold start problem
o No labeling cost

User latent vector
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Blog: https://sander.ai/2014/08/05/spotify-cnns.html

Deep content-based music recommendation, Aaron van den Oord, Sander Dieleman, Benjamin Schrauwen, NIPS, 2013


https://sander.ai/2014/08/05/spotify-cnns.html
https://sander.ai/2014/08/05/spotify-cnns.html
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Music Retrieval

e Various ways of retrieving songs depending the specificity on the query

Music Version Similar Music Genre/Mood
Identification Identification (Sound-like) Classification
Specificity Specificity
High Low
Same Live Performance Same Chords, Same Same
Recording Cover Songs, Remix Instruments, Tempo Artist Genre/Mood

< Audio-based Retrieval

Content-based music informational retrieval, Casey et al., IEEE SPM, 2008

Text-based Retrieval 2>



Music Retrieval

e Various ways of retrieving songs depending the specificity on the query

Music Version Similar Music Genre/Mood
Identification Identification (Sound-like) Classification
Specificity Specificity
High Low
Same Live Performance Same Chords, Same Same
Recording Cover Songs, Remix Instruments, Tempo Artist Genre/Mood
Audio

Fingerprint



Audio Fingerprint

e Unique audio patterns of individual music tracks
o Shazam: use dominant peaks on spectrogram (robust to interfering noises)
o Search the song identical to the audio query using the patterns

o Fast search using hash tables
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Music Retrieval

e Various ways of retrieving songs depending the specificity on the query

Music Version Similar Music Genre/Mood
Identification Identification (Sound-like) Classification
Specificity Specificity
High Low
Same Live Performance Same Chords, Same Same
Recording Cover Songs, Remix Instruments, Tempo Artist Genre/Mood

Melodic Similarity



Cover Song Detection

e Matching melodic features between the query and candidates
o Beat-chroma and harmonic pitch class profile (HPCP)
o Cross-correlation or dynamic time warping with 12 transpositions

Query
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Music Retrieval

e Various ways of retrieving songs depending the specificity on the query

Music Version Similar Music Genre/Mood
Identification Identification (Sound-like) Classification
Specificity Specificity
High Low
Same Live Performance Same Chords, Same Same
Recording Cover Songs, Remix Instruments, Tempo Artist Genre/Mood

Related to music copyright



Music Retrieval

e Various ways of retrieving songs depending the specificity on the query

Music Version Similar Music Genre/Mood
Identification Identification (Sound-like) Classification
Specificity Specificity
High Low
Same Live Performance Same Chords, Same Same
Recording Cover Songs, Remix Instruments, Tempo Artist  Genre/Mood

Various Notions of Music Similarity

Music Feature Analysis and Tagging Models



Music Retrieval

e Current trend: embedding learning with a similarity notion using neural
networks

similarity metric

f(x:) f(x;) f(xx)

X Xj Xk

Anchor Positive Negative



Music Classification

e A family of tasks that classify music data into a set of classes

Classification
Model

—> OQOutput Class

o Input data
m Audio: waveform

m More generally, MIDI or other symbolic music data can be included but we will

not handle them here
o Output class

m Instrument, genre, mood, or other musical attributes
m More generally, pitch, chord, beat (on/off) can be included but such sequential
output will be handled in automatic music transcription.



Music Classification

e They can be defined as a single-label or multi-label classification task

Classification
Model

Brass
Piano

Organ
Guitar

e Tasks in Music Information Retrieval (MIR) research
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Genre classification
Mood classification
Instrument classification

Music tagging: all types of music attributes (genre, mood, instrument, ...)

Rock
Piano

Guitar
Classical



Music Classification Model

e General pipeline

el

Feature
Extraction

Decision Model

—> Output Class

Acoustic Level
- Loudness

- Pitch

- Timbre

Musical Level

- Rhythm: beat, tempo

- Tonal: key, scale, chord,
- Melody and note patterns
- Instrumentation

- Expressions

- Structure



Machine Learning for Music Classification

e Training phase

y
- Feature . y Loss Function
(x,y) > : —> Classifier |——
Extraction Ly, 9)
7'\ '
Dataset audio label Acoustic Level

- Loudness

- Pitch

- Timbre

Musical Level —_
- Rhythm: beat, tempo
- Tonal: key, scale, chord,
- Melody and note patterns

- Instrumentation
- Expressions
- Structure

Feature Space



Machine Learning for Music Classification

e Test phase

Unseen audio
during training

X y
(x,y) —> Feat“'fe —> Classifier —>

Extraction
/A

Dataset audio label Acoustic Level
- Loudness

- Pitch
- Timbre

Musical Level

- Rhythm: beat, tempo

- Tonal: key, scale, chord,

- Melody and note patterns
- Instrumentation

- Expressions

- Structure

Feature Space



Traditional Machine Learning Pipeline

e Traditional music classification models

Em— Feat“'fe —> Classifier —> Output Class
Extraction
/
/

> Tlme-Frequepcy N Hapd-Crafted || Feature 3| classifier = Output
Representation Audio Features Summary Class




Time-Frequency Representation

e Transform the waveforms into time-frequency representations
o “2D image” that shows harmonic and percussive patterns of sounds well
o Example: spectrogram, mel-spectrogram, constant-Q transform

Tlme-Frequepcy Hapd-Crafted I_5| Feature 3| classifier = Output
Representation Audio Features Summary Class




Hand-Crafted Audio Features

e Extract certain characteristics of audio in a low-dimensional form
o Mostly frame-level vectors
o Engineered based on domain knowledge
o Examples: Mel-Frequency Cepstral Coefficient (MFCC), Chroma, spectral
statistics

MFCC

> Tlme-Frequepcy N Hapd-Crafted || Feature 3| classifier = Output
Representation Audio Features Summary Class




Feature Summary

e Concatenate all audio features and summarize them over time
o Statistical summary: average, max
o Unsupervised learning algorithms such as K-means or PCA are often used

for vector quantization (a-bag-of-words approach) and dimensionality
reduction

MFCC

> Tlme-Frequepcy N Hapd-Crafted || Feature 3| classifier = Output
Representation Audio Features Summary Class




Classifiers

e Conduct supervised learning with the feature vectors and labels
o Off-the-shelf classifiers are usually used

o Examples: K-NN, Logistic regression, support vector machine, multi-layer-

perceptron

MFCC

Time-Frequency
Representation

Hand-Crafted |
Audio Features

Feature
Summary

Classifier

Output
Class



Case Study: Music Genre Classification

IEEE TRANSACTIONS ON SPEECH AND AUDIO PROCESSING, VOL. 10, NO. 5, JULY 2002 293

Musical Genre Classification of Audio Signals

George Tzanetakis, Student Member, IEEE, and Perry Cook, Member, IEEE

e The GTZAN paper
o The most representative paper in music genre classification
Used various audio features + KNN/GMM classifiers
Most cited paper in MIR research (about 4295 as of Feb-25, 2024)
Released the GTZAN dataset (10 genre, 100 songs per genre)
The accuracy is not very high (~ 60%)
A number of papers improved it to 90% or so
Released the software (MARSYAS)
However, the dataset was criticized due to repetition, mislabeling and audio
distortion...

o 0O O O O O O



Case Study: Audio Features

e Timbral texture features: summarized in 1 sec of window
o Spectral centroid, spectral roll-off, spectral flux
o Zero-crossing rate, Low-energy features
o MFCC

e Pitch/ Tonal features
o Based on a multi-pitch estimation method using summary enhanced auto-

correlation function (SACF).
o Three dominant peaks in the SACF that correspond to pitch values are

accumulated as a histogram (pitch histogram)

e Rhythmic features
o Beat histogram



Case StUdy: Res u ItS Classical < (C)lr]:lilgstra

Country Piano
Disco String Quartet
‘HipHop
. . Jazz BigBand
e 10-fold cross validation Rock Coo
Blues Fusion
(o) I o H Reggae Piano
o 90% for training and 10% for testing b e
Metal Swing
CLASSIFICATION ACCURACY MEAN AND STANDARD DEVIATION GENRE CONFUSION MATRIX
[ Genres(10) | Classical(4) | Jazz(6) [ cl]co|di|[hi|ja|ro|bl]|re]|po|me
Random 10 25 16 cl |69} 0 0 C 1 0 0 0 0 0
RT GS 44 4+ 2 61+3 53 +4 co 0 | 53| 2 0 5 8 6 4 2 0
GS 59+4 ==X 61 +8 di 0 8 | B2 | 1t 0 13 | 14 5 9 6
GMM (2} 60+ 4 81+5 667 hiff 0 | 3 |18 |64 | 1 6 31267 |6
GMM(3) 61+4 88 +4 68+ 7 ja26 14 0075|817 2 11
GMM(4) 61+ 4 88+5 6216 ro|l 5 |13 4 | 1|9 |40 14 7133
GMM(5) 6144 88+ 5 59+ 6 bl 0 | 7|01 ]3] 4[43|]1]0]6¢0
KNN(1) G+ 4 TTET ET+6 re 0 9 |10 18| 2 |12 11|59 | 7 1
KNN(3) 60 + 4 78+ 6 58+ 7 po| 0 {2 14|65 |3]5]0])3|66]0
KNN(5) 56 £ 3 T0L6 56 £ 6 me|| 0 ] 1]0|1]0}4}2]0]0]353




Case Study: Results

e Importance of texture window size and individual features

EFFECT OF TEXTURE WINDOW SIZE TO CLASSIFICATION ACCURACY
56 T

.| //‘\*/—\M—\_ INDIVIDUAL FEATURE SET IMPORTANCE
#r s 1 || Genres l Classical ] Jazz
= / : RND 10 25 16
58 ol _ PHF (5) 23 40 26
@ BHF (6) 28 39 31
} STFT(9) 45 78 58
“r 7 MFCC(10) 47 61 56
2 - FULL(30) 59 7 61
400 2‘0 4‘0 6‘0 BIO 100

TEXTURE WINDOW SIZE {number of analysis windows})

(1 second = 40 frames)



Traditional Machine Learning

e Advantages
o A small dataset is fine
o The classifiers are fast to train
o The hand-engineered features are interpretable

e Disadvantages
o Requires domain knowledge
o The feature design is an art
o The two-stage approach is sub-optimal

e Good as a baseline method



Traditional Music Classification

Frame-level Unsupervised 3 Temporal

Features Leaming Summary —>| Classifier

o Frame-level features are engineered based on domain knowledge and mainly
capture short-term characteristics

o Each step of the pipeline is locally tuned

o “MFCC + K-means (VQ) + Codebook histogram” is still used as a baseline



Early Deep Learning (2006 — 2012)

O O O O

. Temporal e
|.—) Feature Leaming —_> Summary —>| Classifier

From feature engineering to feature learning

Learning audio features directly to the time-frequency representation
Unsupervised learning: shallow and sparse

Supervised learning: deep and dense



Early Deep Learning (2006 — 2012)

e Unsupervised learning: shallow and sparse feature learning

©)

©)

Learn a sparse feature representation h from the input x

The sparsity constraint on the encoded vector (h) encourages the
meaningful pattern finding - the input is explained by a few elements
The training (learning W) was often called “dictionary learning”
Examples of algorithms

m K-means (h is one-hot vectors and W is cluster centers)
m Sparse coding, sparse restricted Boltzmann machine (RBM), sparse auto-encoder

[ @ ..] > [ p@ L] > [ 4@ ]
Encoding (W) Decoding (W')

Input Sparse code Reconstructed Input



Early Deep Learning (2006 — 2012)

e Constant-Q transform (single frame) + Sparse Coding
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Figure 2. A random subset of the 512 basis functions
learned on full CQT frames. The horizontal axis represents
log-frequency and ranges from 67 Hz to 1046 Hz.

Unsupervised learning of sparse features for scalable audio classification, Mikael Henaff, Kevin Jarrett, Koray Kavukcuoglu and Yann LeCun, ISMIR, 2011



Early Deep Learning (2006 — 2012)

e Mel-spectrogram (multi frames) + Sparse Coding/K-means/Sparse RBM

Rock Piano Electronica Sleeping Exciting/Thrilling
120 I :
> Ll ;
g 100 4 . F' | HRESE | sl
3, 80 JleL! 'E ol B L
o . NEEEEE N 'f
o) - g .
60 R B R
g 40 T
20 i e -E :
Wide-band energy Harmonic patterns Extremely low-freq. Low-frequency Non-harmonic and
with strong with strong pitchness energy and several content with transient patterns
high-frequency wideband and harmonic patterns
content transient patterns

Figure 2: Top 20 most active feature bases (dictionary elements) for five different tags: Rock, Piano, Electronica, Sleeping
and Exciting/Thrilling. Note that all the features come from the same learned dictionary (mel-frequency spectrogram and
sparse RBM with 1024 hidden units and 0.01 sparsity), but different types of music use different feature bases.

Learning Sparse Feature Representations for Music Annotation and Retrieval, Juhan Nam, Jorge Herrera, Malcolm Slaney, and Julius O. Smith, ISMIR, 2012



Early Deep Learning (2006 — 2012)

e Supervised learning: deep and dense feature learning
o Use a deep stacks of fully-connected layers (e.g.10 layers).
m This “deep” neural network (DNN) was not trained well with random initialization
o Instead, initialize the weights matrices using deep belief network (DBN)
m Greedy layer-wise learning with a stack of RBMs
m Then, supervised learning (fine-tuning the DNN) with labels

"~ Transition Probabilities

e The breakthrough in automatic speech recognition /
o The previous state-of-the-art model was based ST
on GMM-HMM o o
o The GMM module was replaced with the DNN-DBN “
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Context-Dependent Pre-trained Deep Neural Networks for Large Vocabulary Speech Recognition, George Dahl, Dong Yu, Li Deng, Alex Acero, IEEE TASLP, 2012

A Fast Learning Algorithm for Deep Belief Nets, Geoffrey E Hinton, Simon Osindero, Yee-Whye Teh, Neural Computing, 2006



Early Deep Learning (2006 — 2012)

e Spectrogram (single frame)+ Deep Belief Network + Finetuning

. . Output Layer Inputs (DFTs)
Y | | Accuracy |
MFCCs 0.630
Hidden Layer 3 Layer 1 0.735
‘ W ‘ RBM 3 Layer2 0.770
Layer 3 0.735
Hidden Layer 2 All Layers 0.770
RBM 2

Hidden Layer 1 Table 2. Classification accuracy for frame-level features

/ \ RBM 1 =« blues <44 jazz
. vy E:fsical ° <: ° moetal ‘ | Accuracy |
Input Layer o discow ... fe:gae MECCs 0.790
»»» hiphop ooo rock Layer 1 0.800
Figure 1. Schematic representation of a DBN. The num- Layer 2 0.837
ber of layer and the number of units on each layer in the Layer 3 0.830
schema are only examples. We do not require to have the All Layers 0.843

same number of units on each hidden layer. o
Table 3. Classification accuracy for features aggregated

over 5 seconds

Learning Features from Music Audio with Deep Belief Networks, Philippe Hamel and Douglas Eck, ISMIR, 2010



Convolutional Neural Network (2012 -)

W%M—) Convolutional Neural Temporal .
é a
l ._) Network Summary Classifier

o End-to-end feature learning from the input data: error back-propagation

o Regard the time-frequency representation as a “2D image” and apply image
classification models to it

o Supervised learning using labeled data




CNN for Music Classification

e Front-end: extract local audio features using CNN
e Back-end: summarize the local audio features over time

[THE B Global Average Pooling
RNN, MLP, Transformer

Back-end
(Temporal Summary)

Front-End
(Feature Extractor, Encoder)




CNN for Music Classification

e Ground truth (or label) representation
o Single-label classification: one-hot ([0,0, 1,0, ..., 0])
o Multi-label classification: multi-hot ([1,0, 1, 1, ..., 0])

e The output layer
o Single-label classification: softmax
o Multi-label classification: sigmoid
m Theloss function is defined as the cross-entropy between the sigmoid output

(— — ) and the multi-hot vector (e.g. [ 1 0,1,1,..,0])

1+e

-~
-~
~_



Data Augmentation

e Atechniquetoincrease the volume and variance of input data based on

domain knowledge
o Digital audio effects: pitch shifting, time-stretching, filters/EQ, delay, reverb
o Adding noises: white/pink noise, babble/café noise
o Random mask: SpecAugment

| ¢
TR .=t B
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0 20 40 &0 80 100 1 0 o 20 40 60 80 100 120

e Librosa, pysox, and torchaudio are commonly used

e Check if the output label is affected by the audio effects
o You can also change the label according to the way of augmenting data



Convolutional Neural Network

e The locality and translation invariance works in the audio domain
o Both 1D and 2D translation are possible
o 2D translation is only on the log-frequency scale which makes harmonic
patterns approximately shifted-invariant




CNN for Music Classification: 1D CNN

e 1D convolution blocks
o The filter size of the first conv layer covers the entire frequency range
o The 1D feature maps significantly reduce the number of parameters
compared to the 2D feature map
o Fast totrain
o Work well for small datasets

o Not invariant to pitch shifting: <S oL +§
key transpose changes the feature maps /] _
<> :
g Channel : : 8
3 8
L / Output

Deep Learning for Audio-Based Music Classification and Tagging, Juhan Nam, Keunwoo Choi, Jongpil Lee, Szu-Yu Chou, and Yi-Hsuan Yang, IEEE SPM, 2018



CNN for Music Classification: 1D CNN

e Front-end: 1D CNN

o Mel-spectrogram input filter with 128 (mel bin) x 4 (frames)
o Feature maps (256 - 256 > 256 - 512), max-pooling intime (4 > 2 > 2)

e Back-end: global pooling (temporal summary) with mean, max, and L2

2048 2048

1536
2x
256

me o 512
l MP mean

l 40
4

35 L2
73 T

global | | ||

temporal
pooling

http://benanne.qgithub.io/2014/08/05/spotify-cnns.html

Deep content-based music recommendation, Aaron van den Oord, Sander Dieleman, Benjamin Schrauwen, NIPS, 2013


http://benanne.github.io/2014/08/05/spotify-cnns.html
http://benanne.github.io/2014/08/05/spotify-cnns.html
http://benanne.github.io/2014/08/05/spotify-cnns.html

CNN Architectures: 2D CNN

e 2D convolution blocks

o Similar to CNN architectures for image classification: set the filter to be a
time-frequency patch (e.g. 3x3) and it slides over both time and frequency

o Relatively invariant to pitch shifting assuming that the input is a log-scaled
spectrogram

o 2D feature maps significantly increases
the number of parameters and thus need <&
more computational resources %
But, it is more flexible and powerful _> :
More commonly used than 1D CNN 8

>

Frequency

Deep Learning for Audio-Based Music Classification and Tagging, Juhan Nam, Keunwoo Choi, Jongpil Lee, Szu-Yu Chou, and Yi-Hsuan Yang, IEEE SPM, 2018



CNN for Music Classification: 2D CNN

| FCN-4 |
e Fully Convolutional Network (FCN) | Mol speivogern (Mout 96-12661) |
onv
o 96-bin mel-spectrogram with 30 second MP (2, 4) (output: 48-341-128)
. . . . . Conv 3-3-384
o 3x3 filters and large max-pooling sizes in time VP (4.5) (oulpul. 24-655357)
to reduce the temporal dimensionality instead of Conv 3-8-768
_ , MP (3, 8) (output: 12-21-768)
using temporal summary in the back-end Conv 3-3-2048
MP (4, 8) (output: 1-1-2048)

] Output 501 (sigmoid) |

e Short-Chunk CNN

o 128-bin mel-spectrogram with 3.69 second (short audio chunk)
o 3x3 filters and 2x2 max-pooling

o Summarize the features using global max pooling

Automatic Tagging using Deep Convolutional Neural Networks, Keunwoo Choi, George Fazekas, Mark Sandler, 2016
Evaluation of CNN-based Automatic Music Tagging Models, Minz Won, Andres Ferraro, Dmitry Bogdanov, Xavier Serra, SMC, 2020



CNN for Music Classification: 2D CNN

e Explore musically-motivated architectures using different “time-

frequency” shapes of conv filters in the first layer (“MusiCNN")
o Time architecture: learn rhythm and tempo patterns (1 x n)

o Frequency architecture: learn pitch and timbre patterns (m x 1)
o Time-Frequency architecture: combine the two
o Performance: TF > T > F on the ballroom music dataset
o Can be extended to to multiple parallel branches (e.g. 1 X 9,3 x 3,9 x 1)
e cutpet layes S
M n e M it max-pool !
| Ll

ima x C
N N ’ I] “ —
Tlme convelutional layer Fl’equency convolutional layer N

architecture 32 filter maps architecture J¢ fiter maps Time—Frequency canvolutionsl layers
architecture

Experimenting with musically motivated convolutional neural networks, Jordi Pons, Thomas Lidy, Xavier Serra, CBMI, 2016




CNN-based Model for Music Classification

e How about learning the time-frequency representation (or filter banks)
directly from raw waveforms?

- “Ballad”
“Rock”
“Jazz’

“Hiphop”

“Light-hearted”

“Calm”
“Exciting”
“Piano”
“Vocal”

L

o No need to tuning STFT and mel parameters
o No need to store the preprocessed mel-spectrogram on disk space



Learning Filter banks in the Frame Level

a bl o

tag predictions

e 1D CNN takes raw waveforms directly as input G fumd )
o The filter size in the first conv layer is set to & R )
“frame-level” (256, 512, 1024 samples) Ea —— :3

e They learn “log-like” filter banks E e :%

o The peak frequency exponentially increases ﬁ

— ! 3( strided conv. JE E/( feature poo]ingj\:

e However, failed to outperform mel-specrorgram -z m =D

|
(ﬂ) | L :
I L] |
I [} |
| . I
raw audio I !
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End-to-end learning for Music Audio, Sander Dieleman, Benjamin Schrauwen, ICASSP, 2014



Learning Filter banks in the Sample Level (SampleCNN)

e Use 1D convolution blocks with very small size of filters
o Thefilter size is 3 x 1 throughout the entire layers: “1D VGGNet”
o The first conv layer has a stride of 3 and the rest have max pooling of 3
o As the filter size becomes smaller, the model gets deeper, achieving better
performance increases

raw waveform Music auto-tagging

0.91
060 %
strided
z conv3 0.89
2 o
3 >
5 <
g
Té conv3 0.88
g -®-Spectrogram / Basic
0.87 -e-Spectrogram / SE
3 Waveform / Basic
T max 0.86 Waveform / SE
[ FC | .
1
[ Flc ] window/filter 729 729 243 243 81 27 9 3

= hop/stride 729 243 243 81 81 27 9 3
I]_IT-III_-“ #blocks 4 5 5 6 6 7 8 9

Sample-level Deep Convolutional Neural Networks for Music Auto-Tagging Using Raw Waveforms Jongpil Lee, Jiyoung Park, Keunhyoung Luke Kim, Juhan Nam, SMC, 2017



Learning Filter banks: SampleCNN

e The learned filters have a trend of log scale
o When the audio input is speech, the trend is more similar to the mel scale

Layer 1 Layer 2 Layer 3 Layer4 Layer 5 Layer 6

o8N

yoseds

Comparison and Analysis of SampleCNN Architectures for Audio Classification Taejun Kim, Jongpil Lee, Juhan Nam, IEEE JSTSP, 2019



Learning Filter banks: HarmonicCNN

e Partially learnable filter bank
o Use spectrogram and learn the shape of triangular in mel filter banks
o Learn a set of harmonically scaled filter banks
o Achieved better performance than SampleCNN

2|f_nfc|

MAn(f; fe,,8,Q) = ll 1 ] a and B determine the width of the triangle
+

> (zoaw]— |l b

Prediction

W — G —--—»—»
F

Waveform

Spectrogram
T

Harmonic tensor

==
- —
n=2 n=3 n=4

Data-driven Harmonic Filters for Audio Representation Learning Minz Won, Sanghyuk Chun, Oriol Nieto, Xavier Serra, ICASSP, 2020

(a)

n=1] n=2 n=3 n=4



Summary by RNN

e Use RNN for temporal summary in the back-end
o Compared to various CNN models (1D CNN, 2D CNN)
o The CRNN model slightly outperforms the CNN models but it is slower

klc2

]
. | il ) k2cl
‘aa | o
. | CRNN
I I BN soTa
input o,

AUC-ROC
ccoooooo
00 ©0 00 00 00 00 00 00
OHENWARUION

> : oA 2 :
888 & & g
8’ output 8 N Bkt
(a) klc2 (b) k2cl (c) k2c2 (d) CRNN

Convolutional Recurrent Neural Networks for Music Classification, Keunwoo Choi, George Fazekas, Mark Sandler, Kyunghyun Cho, ICASSP, 2017



Summary by Transformer

e The back-end part is summarized with a transformer module
o Learning the long-term dependency with the self attentions layers
o The special token embedding (CLS token) is used for classification

Class
TRANSFORMER

t
(r M
el [n ]~ [5a] [] [

] ] () (] 2]
\ f T T

| CNN j

s = =

Semi-supervised music tagging transformer, Minz Won, Keunwoo Choi, and Xavier Serra, ISMIR, 2021




Dataset: Genre Classification

e GTZAN: http://marsyas.info/downloads/datasets.html

US Pop Genre Latin Genre K-pop
Classification Classification Classification
Blues Axe Ballad
Jazz Bachata Dance
Country/Western Bolero Folk
Baroque Forro Hip-hop
Classical Gaucha R&B
Romantic Merengue Rock
Electronica Pagode Trot
Hip-Hop Salsa
Rock Sertaneja
HardRock/Metal Tango

https://www.music-ir.org/mirex/wiki/2020:Audio_Classification_(Train/Test) Tasks



http://marsyas.info/downloads/datasets.html
https://www.music-ir.org/mirex/wiki/2020:Audio_Classification_(Train/Test)_Tasks
https://www.music-ir.org/mirex/wiki/2020:Audio_Classification_(Train/Test)_Tasks
https://www.music-ir.org/mirex/wiki/2020:Audio_Classification_(Train/Test)_Tasks

Dataset: Musical Instrument Recognition

e Single monophonic instrument
o Nsynth: https://magenta.tensorflow.org/datasets/nsynth
o TinySol: https://zenodo.org/records/3685367

e Pre-dominant instrument
o |IRMAS: https://zenodo.org/records/1290750

e Multiple instruments:
o Openmic-2018: https://github.com/cosmir/openmic-2018



https://magenta.tensorflow.org/datasets/nsynth
https://zenodo.org/records/3685367
https://zenodo.org/records/1290750
https://github.com/cosmir/openmic-2018
https://github.com/cosmir/openmic-2018
https://github.com/cosmir/openmic-2018

Dataset: Mood Classification/Regression

e Collections: https://github.com/juansgomez87/datasets_emotion

e Classification:
o categorial words

310
P quooﬁ
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e Regression: (arousal, valence)
o continuous values
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Russel’s circumplex model of affect
“‘Arousal-Valence” 2D space

Obtaining Reliable Human Ratings of Valence, Arousal, and Dominance for 20,000 English Words, Saif Mohammad, ACL, 2018

Music Emotion Recognition: Toward new, robust standards in personalized and context-sensitive applications, Juan Sebastian Gémez-Carion et al, IEEE SPM, 2021


https://github.com/juansgomez87/datasets_emotion

Dataset: Music Tagging and more

e Music Tagging
o MagnaTagaTune (MTT): https://mirg.city.ac.uk/codeapps/the-
magnatagatune-dataset
o Million Song Dataset (MSD): http://millionsongdataset.com/
o Free Music Archive (FMA): https://github.com/mdeff/fma
o MTG-Jamendo: https://github.com/MTG/mtg-jamendo-dataset

e General audio classification
o AudioSet: https://research.google.com/audioset/



https://mirg.city.ac.uk/codeapps/the-magnatagatune-dataset
https://mirg.city.ac.uk/codeapps/the-magnatagatune-dataset
https://mirg.city.ac.uk/codeapps/the-magnatagatune-dataset
https://mirg.city.ac.uk/codeapps/the-magnatagatune-dataset
https://mirg.city.ac.uk/codeapps/the-magnatagatune-dataset
http://millionsongdataset.com/
https://github.com/mdeff/fma
https://github.com/MTG/mtg-jamendo-dataset
https://github.com/MTG/mtg-jamendo-dataset
https://github.com/MTG/mtg-jamendo-dataset
https://github.com/MTG/mtg-jamendo-dataset
https://github.com/MTG/mtg-jamendo-dataset
https://research.google.com/audioset/

e ROC-AUC
o Area Under Receiver Operating Characteristic Curve

True positive rate
(sensitivity)

o True positive rate (recall) = TP/(TP+FN)
o False positive rate (1-specificity) = FP/(TN+FP) >
False positive rate
o 0.5isthelowest value (1 - specifiity)
o Overly optimistic results with imbalanced data
e PR-AUC t

o Area under precision-recall curve
o Precision = TP/(TP+FP)

o Recall = TP/(TP+FN)

o More reliable with imbalanced data e

Precision

Recall

Source: hitps://music-classification.qgithub.io/tutorial/part?_basics/evaluation.htm


https://music-classification.github.io/tutorial/part2_basics/evaluation.html
https://music-classification.github.io/tutorial/part2_basics/evaluation.html
https://music-classification.github.io/tutorial/part2_basics/evaluation.html

Benchmark of CNN-based Music Classification Models

e Improvement of annotation and retrieval accuracy

Methods MTAT MSD MTG-Jamendo
ROC-AUC PR-AUC ROC-AUC PR-AUC ROC-AUC PR-AUC
FCN [1] 0.9005 0.4295 0.8744 0.2970 (0.8255 0.2801
FCN (with 128 Mel bins) (.8994 0.4236 (0.8742 0.2963 (0.8245 0.2792
Musicnn [2] 0.9106 0.4493 0.8803 0.2983 0.8226 0.2713
Musicnn (with 128 Mel bins) 0.9092 0.4546 0.8788 3036 0.8275 0.2810
Sample-level [3] 0.9058 0.4422 0.8789 0.2959 0.8208 0.2742
Sample-level + SE [4] 0.9103 0.4520 (.8838 0.3109 0.8233 0.2784
CRNN [6] 0.8722 0.3625 0.8499 0.2469 0.7978 0.2358
CRNN (with 128 Mel bins) 0.8703 0.3601 0.8460 0.2330 0.7984 0.2378
Self-attention [7] 0.9077 (0.4445 0.8810 0.3103 0.8261 (0.2883
Harmonic CNN [9] 0.9127 0.4611 0.8898 0.3298 (0.8322 0.2956
Short-chunk CNN 0.9126 0.4590 0.8883 0.3251 0.8324 0.2976
Short-chunk CNN + Res 0.9129 0.4614 0.8898 0.3280 0.8316 0.2951

Evaluation of CNN-based Automatic Music Tagging Models, Minz Won, Andres Ferraro, Dmitry Bogdanov, Xavier Serra, SMC, 2020



Resources

e Pretrained music and audio classification models
o https://github.com/minzwon/sota-music-tagging-models
o https://github.com/jordipons/musicnn
o https://qgithub.com/tensorflow/models/tree/master/research/audioset/vgqi
sh
o https://github.com/marl/openi3

e Pretrained model repositories

o https://pytorch.org/audio/stable/models.html
o https://huggingface.co/models



https://github.com/minzwon/sota-music-tagging-models
https://github.com/minzwon/sota-music-tagging-models
https://github.com/minzwon/sota-music-tagging-models
https://github.com/minzwon/sota-music-tagging-models
https://github.com/minzwon/sota-music-tagging-models
https://github.com/minzwon/sota-music-tagging-models
https://github.com/minzwon/sota-music-tagging-models
https://github.com/minzwon/sota-music-tagging-models
https://github.com/jordipons/musicnn
https://github.com/jordipons/musicnn
https://github.com/tensorflow/models/tree/master/research/audioset/vggish
https://github.com/tensorflow/models/tree/master/research/audioset/vggish
https://github.com/tensorflow/models/tree/master/research/audioset/vggish
https://github.com/marl/openl3
https://github.com/marl/openl3
https://huggingface.co/models
https://huggingface.co/models
https://huggingface.co/models
https://huggingface.co/models
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