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Spectral Analysis

DISSECTING EVES

e Explore frequency components of EVEs
e Better understanding of sound qualities

e Could foster better EVEs:
e synthesis
e classification
e detection
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Spectral Analysis

e Visual representation of energy for a given frequency and time frame of an audio signal
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Spectral Analysis

e Visual representation of energy for a given frequency and time frame of an audio signal

10000
8000
6000
4000

2000

Time



Hz

Spectral Analysis

MEL-SPECTROGRAM

e Compact representation using a perceptually inspired scale (mel scale)
e 128 frequency bins (instead of 1024 of the original Spectrogram)
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Spectral Analysis

CONSTANT-Q TRANSFORM

e Compact representation using a constant (linear) frequency scale

e 84 frequency bins

Time
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Spectral Analysis

ROUGHNESS / DISTORTION

Spectrogram

Constant-Q Transform Mel Spec
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Spectral Analysis

ROUGHNESS / DISTORTION

Spectrogram

10000

e Chaotic higher frequencies 00
e Noisy but with perceivable pitch o0
e Overtones may harmonically diverge o

Constant-Q Transform =
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Spectral Analysis

DEATH GROWL / GRUNT

Spectrogram

Constant-Q Transform Mel Spec
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Spectral Analysis

DEATH GROWL / GRUNT

Spectrogram

Chaotic higher frequencies
Not perceivable pitch
Quiet frequency band around 4kHz

Constant-Q Transform
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Spectral Analysis

FRY SCREAM

Spectrogram

0 06 12 18 24 3 36 42 48

Constant-Q Transform Mel Spec

MUV U



Spectral Analysis

FRY SCREAM
Spectrogram

e Wide-band high energy (very noisy)
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Spectral Analysis

FRY SCREAM

Spectrogram

10000

e Wide-band high energy (very noisy)
e Not perceivable pitch o
¢ Fundamental frequency around 1kHz o

(very high)
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Spectral Analysis

INHALE SCREAM

Spectrogram

Constant-Q Transform
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Spectral Analysis

INHALE SCREAM

Spectrogram

e Slightly less energy in high frequencies
than fry scream (still noisy)
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Constant-Q Transform Mel Spec
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INHALE SCREAM

Spectrogram
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Spectral Analysis

INHALE SCREAM

Spectrogram

e Slightly less energy in high frequencies
than fry scream (still noisy)

e Not perceivable pitch

¢ Fundamental frequency around 600Hz

Constant-Q Transform
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Spectral Analysis

TUVA THROAT SINGING

Spectrogram

Constant-Q Transform Mel Spec




Spectral Analysis

TUVA THROAT SINGING

Spectrogram

e Two pitches simultaneously

Constant-Q Transform Mel Spec
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Spectral Analysis

TUVA THROAT SINGING

Spectrogram

e Two pitches simultaneously
¢ One low and constant, noisy, other high
and variable
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Spectral Analysis
TUVA THROAT SINGING

Spectrogram

e Two pitches simultaneously
e One low and constant, noisy, other high
and variable

e Relatively clean spectra (but still noisy
overtones)

Constant-Q Transform Mel Spec
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Spectral Analysis
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Spectral Analysis

OF BLEAK BY OPETH
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Spectral Analysis
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Spectral Analysis

OF BLEAK BY OPETH

e Hard to distinguish just visually

e Can we train a mathematical model to learn the difference?

| )
W Ii. | | l
.

Hu 'H-ﬁm WAW&I -lt\de %ww ﬂ-ﬂnﬂ L H‘m (il
00 |

] , ‘ .

R
le ¥ Ll .". . " h
bl mw mr* m Wﬂ%ﬁ ikl um .ma

8:00

"u




OUTLINE

Motivation and Background: Extreme Vocal Effects
Spectral Analysis of EVEs

Detection of EVEs with Neural Networks

pandora’



Neural Networks

A.K.A. “UNIVERSAL APPROXIMATORS”
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Neural Networks

TRAINING PROCESS

Dataset of [N pairs of observations and labels: g (X) — y
Observations: x € X
Labels: y € Y

Goal: Minimize the difference between the labels and the network predictions by
updating the parameters:

argming - 30 (f(x:6) — y)?
xeX,yeY

Mean Squared Error
( a ) pandora



Neural Networks

TRAINING PROCESS

Dataset of [N pairs of observations and labels: g (X) — y
Observations: x € X
Labels: y € Y

Goal: Minimize the difference between the labels and the network predictions by
updating the parameters:

argming — Z y log(x) + (1 — y)log(1 — x)
xeX,yeY

Binary Crossentro
( y py) andora



Neural Networks

DETECTING SCREAMS




Neural Networks

VERY (VERY) BRIEFLY
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The Music Genome Project

LARGE-SCALE HUMAN ANNOTATED DATASET

Up to ~400 attributes per track

Attribute Examples

Breathy Voice
Nasal Voice
Odd Meter

Has Banjo
Joyful Lyrics
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The Music Genome Project

LARGE-SCALE HUMAN ANNOTATED DATASET

Up to ~400 attributes per track

Attribute Examples

Breathy Voice
Nasal Voice
Odd Meter

Has Banjo
Joyful Lyrics

Gritty or Gravely voice
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Gathering Data

USING THE MUSIC GENOME PROJECT
e Data set:

o /N=8ktracks (4k with EVEs, 4k without)
e All Hard Rock / Punk / Metal tracks
e Sample ~2 second patches from each track:

e 10 patches per track

» Total of ~80k patches

e 10% for testing
Y1=Y2=Y3
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Deep Architecture

CONVOLUTIONAL NEURAL NETWORK

—» 256 —» 256 l —» s —
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Convolutional Layers + Max Pooling + Batch Norm + ELU " Dense Layer
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Deep Architecture

CONVOLUTIONAL NEURAL NETWORK W/ SOFT ATTENTION
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Training and Testing

Loss: Binary Crossentropy

Dropout: 20% in Dense Layer argming — Z y log(x) + (1 —y)log(1 — x)

Adam Optimizer
e le-4learning rate
Mini-batch: 16 observations
After training (~30min):
e 85.4% accuracy in test subset (w/o soft attention)

e 80.2% accuracy in test subset (w/ soft attention)
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Scream Detection
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