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Extreme Vocal Effects
• Vocal	techniques	that	enhance	expressivity	

• Common	in	music:	
• Metal	
• Tuvan	Throat	Singing	

• Also	known	as:	
• distorted	voices	
• screams	
• growls	
• …
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EVEs Classification
• Pitched:	

• Roughness	/	Distortion	

• Un-pitched:	
• Death	Growl	/	Grunt	
• Fry	Scream	
• Inhale	/	Inward	Scream	

• Hybrid	
• Tuva	Throat	Singing	

(Nieto, 2008; Nieto, 2013)
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EVEs Synthesis
• Pedals	/	Plugins	

• TC	Helicon	-	Voice	Live		
• Auburn	-	Graillon	

• Spectral	Synthesis:	
• Aggressive	Blues	Vocals	Synthesis	(Loscos,	2004)	
• KaleiVoiceCope	(Mayor,	2010)	
• Growl	Spectral	Synthesis	(Bonada,	2013)	

• Deep	Learning:	
• SampleRNN	trained	on	death	growls	(Carr,	2018)



Pandora	Confidential

EVEs Applications
Growl	Hero	

• Like	Rock	Band	but	with	3	types	of	EVE	detection:	
• Fry	Scream	
• Roughness	
• Growl

https://ccrma.stanford.edu/~urinieto/256/growlhero/

https://ccrma.stanford.edu/~urinieto/256/growlhero/
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EVEs Applications
Screaminator	

• Screaming	into	your	phone	to	
get	a	score,	compete,	and	
share	with	friends

http://screaminator.urinieto.com/

http://screaminator.urinieto.com/
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EVEs Applications
Relentless	Doppelganger	(Carr,	2018)	

• “Neural	network	generating	technical	death	metal,	via	livestream	24/7	to	infinity”	

https://www.youtube.com/watch?v=CNNmBtNcccE

https://www.youtube.com/watch?v=CNNmBtNcccE
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Spectral Analysis
DISSECTING	EVES

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

• Could	foster	better	EVEs:	
• synthesis	
• classification	
• detection



Spectral Analysis

• Visual	representation	of	energy	for	a	given	frequency	and	time	frame	of	an	audio	signal
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Spectral Analysis
MEL-SPECTROGRAM

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



Spectral Analysis
CONSTANT-Q	TRANSFORM

• Compact	representation	using	a	constant	(linear)	frequency	scale	
• 84	frequency	bins
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Spectral Analysis
ROUGHNESS	/	DISTORTION

• Chaotic	higher	frequencies	
• Noisy	but	with	perceivable	pitch	
• Overtones	may	harmonically	diverge	

Spectrogram

Mel SpecConstant-Q Transform
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Spectral Analysis
DEATH	GROWL	/	GRUNT

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

Spectrogram

Mel SpecConstant-Q Transform
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Spectral Analysis
FRY	SCREAM

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

(very	high)	

Spectrogram

Mel SpecConstant-Q Transform
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INHALE	SCREAM
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Spectral Analysis
INHALE	SCREAM

Spectrogram

Mel SpecConstant-Q Transform

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

• Not	perceivable	pitch	
• Fundamental	frequency	around	600Hz	
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TUVA	THROAT	SINGING
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Spectral Analysis
TUVA	THROAT	SINGING

Spectrogram

Mel SpecConstant-Q Transform

• Two	pitches	simultaneously	
• One	low	and	constant,	noisy,	other	high	

and	variable	
• Relatively	clean	spectra	(but	still	noisy	

overtones)	
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OF	BLEAK	BY	OPETH



Spectral Analysis
OF	BLEAK	BY	OPETH

• Hard	to	distinguish	just	visually	
• Can	we	train	a	mathematical	model	to	learn	the	difference?



Motivation	and	Background:	Extreme	Vocal	Effects	

Spectral	Analysis	of	EVEs	

Detection	of	EVEs	with	Neural	Networks

OUTLINE



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

g(x) = y
<latexit sha1_base64="oNRt4WmVUi1BFGrcdQuO5e5S8Ic=">AAACA3icbVDLSsNAFJ34rPUVdaebwSLUTUm1+FgIRTcuK9gHtKFMppN26GQSZiZiCAE3/oobF4q49Sfc+TdO0ihqPTBw5px7ufceJ2BUKsv6MGZm5+YXFgtLxeWV1bV1c2OzJf1QYNLEPvNFx0GSMMpJU1HFSCcQBHkOI21nfJH67RsiJPX5tYoCYntoyKlLMVJa6pvbw3LPQ2rkuPFtsg/P4NcvSvpmyapYGeA0qeakBHI0+uZ7b+Dj0CNcYYak7FatQNkxEopiRpJiL5QkQHiMhqSrKUcekXac3ZDAPa0MoOsL/biCmfqzI0aelJHn6Mp0Q/nXS8X/vG6o3BM7pjwIFeF4MsgNGVQ+TAOBAyoIVizSBGFB9a4Qj5BAWOnYilkIpymOvk+eJq2DSvWwUruqlerneRwFsAN2QRlUwTGog0vQAE2AwR14AE/g2bg3Ho0X43VSOmPkPVvgF4y3T4cMl5k=</latexit>

x
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

http://blogs-images.forbes.com/kevinmurnane/files/2016/03/google-deepmind-artificial-

f(x; ✓) ⇡ y = ŷ
<latexit sha1_base64="O7BYknMWUI0wUqXD1/GwsM6ncRU=">AAACJHicbVDJSgNBEO1xjXGLevTSGAS9hIkGF0QIevEYwZhAJoSaTo9p0rPQXSOGYT7Gi7/ixYMLHrz4LfYkUdweNLx+r4qqem4khUbbfrMmJqemZ2Zzc/n5hcWl5cLK6qUOY8V4nYUyVE0XNJci4HUUKHkzUhx8V/KG2z/N/MY1V1qEwQUOIt724SoQnmCARuoUjrwtxwfsuV5ykx5RB3scYZs6EEUqvKGf3iClx18fpwdolLRTKNolewj6l5THpEjGqHUKz043ZLHPA2QStG6V7QjbCSgUTPI078SaR8D6cMVbhgbgc91OhkemdNMoXeqFyrwA6VD93pGAr/XAd01ltqf+7WXif14rRu+gnYggipEHbDTIiyXFkGaJ0a5QnKEcGAJMCbMrZT1QwNDkmh+GcJhh7+vkv+Ryp1TeLVXOK8XqyTiOHFknG2SLlMk+qZIzUiN1wsgtuSeP5Mm6sx6sF+t1VDphjXvWyA9Y7x/MxqW1</latexit>

ŷ
<latexit sha1_base64="BmOIBRdoptNVRDReCavOTai28Ek=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRafOyKblxWsA9oQplMJ+3QyYOZSaGE/IkbF4q49U/c+TdO0iBqPTBwOOde7pnjxZxJZVmfRmVldW19o7pZ29re2d0z9w+6MkoEoR0S8Uj0PSwpZyHtKKY47ceC4sDjtOdNb3O/N6NCsih8UPOYugEeh8xnBCstDU3TCbCaeH7qTLBK51k2NOtWwyqAloldkjqUaA/ND2cUkSSgoSIcSzmwrVi5KRaKEU6zmpNIGmMyxWM60DTEAZVuWiTP0IlWRsiPhH6hQoX6cyPFgZTzwNOTeU7518vF/7xBovwrN2VhnCgaksUhP+FIRSivAY2YoETxuSaYCKazIjLBAhOly6oVJVznuPj+8jLpnjXs80bzvllv3ZR1VOEIjuEUbLiEFtxBGzpAYAaP8AwvRmo8Ga/G22K0YpQ7h/ALxvsXcHKUUw==</latexit>



Neural Networks
TRAINING	PROCESS

g(x) = y
<latexit sha1_base64="oNRt4WmVUi1BFGrcdQuO5e5S8Ic=">AAACA3icbVDLSsNAFJ34rPUVdaebwSLUTUm1+FgIRTcuK9gHtKFMppN26GQSZiZiCAE3/oobF4q49Sfc+TdO0ihqPTBw5px7ufceJ2BUKsv6MGZm5+YXFgtLxeWV1bV1c2OzJf1QYNLEPvNFx0GSMMpJU1HFSCcQBHkOI21nfJH67RsiJPX5tYoCYntoyKlLMVJa6pvbw3LPQ2rkuPFtsg/P4NcvSvpmyapYGeA0qeakBHI0+uZ7b+Dj0CNcYYak7FatQNkxEopiRpJiL5QkQHiMhqSrKUcekXac3ZDAPa0MoOsL/biCmfqzI0aelJHn6Mp0Q/nXS8X/vG6o3BM7pjwIFeF4MsgNGVQ+TAOBAyoIVizSBGFB9a4Qj5BAWOnYilkIpymOvk+eJq2DSvWwUruqlerneRwFsAN2QRlUwTGog0vQAE2AwR14AE/g2bg3Ho0X43VSOmPkPVvgF4y3T4cMl5k=</latexit>

Dataset	of						pairs	of	observations	and	labels:	
Observations:	
Labels:	

N
<latexit sha1_base64="JICJZEO4ppYizjON98tpd+2WqkU=">AAAB6HicbVDLSsNAFJ3UV62vqks3g0VwVRItPnZFN66kBfuANpTJ9KYdO5mEmYlQQr/AjQtF3PpJ7vwbJ2kQtR64cDjnXu69x4s4U9q2P63C0vLK6lpxvbSxubW9U97da6swlhRaNOSh7HpEAWcCWpppDt1IAgk8Dh1vcp36nQeQioXiTk8jcAMyEsxnlGgjNW8H5YpdtTPgReLkpIJyNAblj/4wpHEAQlNOlOo5dqTdhEjNKIdZqR8riAidkBH0DBUkAOUm2aEzfGSUIfZDaUponKk/JxISKDUNPNMZED1Wf71U/M/rxdq/cBMmoliDoPNFfsyxDnH6NR4yCVTzqSGESmZuxXRMJKHaZFPKQrhMcfb98iJpn1Sd02qtWavUr/I4iugAHaJj5KBzVEc3qIFaiCJAj+gZvVj31pP1ar3NWwtWPrOPfsF6/wK/q40K</latexit>

x 2 X
<latexit sha1_base64="LLjpEKmk/pWbPE012il0NHtcDeM=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBFclUSLj13RjcsK9gFNKJPppB06mYSZSbGE/okbF4q49U/c+TdO2iBqPTBwOOde7pkTJJwp7Tif1tLyyuraemmjvLm1vbNr7+23VJxKQpsk5rHsBFhRzgRtaqY57SSS4ijgtB2MbnK/PaZSsVjc60lC/QgPBAsZwdpIPdv2IqyHQZg9TJHHBOr07IpTdWZAi8QtSAUKNHr2h9ePSRpRoQnHSnVdJ9F+hqVmhNNp2UsVTTAZ4QHtGipwRJWfzZJP0bFR+iiMpXlCo5n6cyPDkVKTKDCTeU7118vF/7xuqsNLP2MiSTUVZH4oTDnSMcprQH0mKdF8YggmkpmsiAyxxESbssqzEq5ynH9/eZG0TqvuWbV2V6vUr4s6SnAIR3ACLlxAHW6hAU0gMIZHeIYXK7OerFfrbT66ZBU7B/AL1vsXQbuTjA==</latexit>

y 2 Y
<latexit sha1_base64="Z0jul3m4C8ahB9YccyFqJ6OP71M=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBFclUSLj13RjcsK9iFNKJPppB06mYSZSSGE/okbF4q49U/c+TcmaRC1Hhg4nHMv98zxIs6UtqxPY2l5ZXVtvbJR3dza3tk19/Y7KowloW0S8lD2PKwoZ4K2NdOc9iJJceBx2vUmN7nfnVKpWCjudRJRN8AjwXxGsM6kgWk6AdZjz0+TGXKYQA8Ds2bVrQJokdglqUGJ1sD8cIYhiQMqNOFYqb5tRdpNsdSMcDqrOrGiESYTPKL9jAocUOWmRfIZOs6UIfJDmT2hUaH+3EhxoFQSeNlknlP99XLxP68fa//STZmIYk0FmR/yY450iPIa0JBJSjRPMoKJZFlWRMZYYqKzsqpFCVc5zr+/vEg6p3X7rN64a9Sa12UdFTiEIzgBGy6gCbfQgjYQmMIjPMOLkRpPxqvxNh9dMsqdA/gF4/0LRMqTjg==</latexit>

argmin✓
1

N

X

x2X,y2Y

(f(x; ✓)� y)2

<latexit sha1_base64="YAnHaxg9R1qnW/AUJqrBVy1ggC0="></latexit>

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

(Mean	Squared	Error)



Neural Networks
TRAINING	PROCESS

g(x) = y
<latexit sha1_base64="oNRt4WmVUi1BFGrcdQuO5e5S8Ic=">AAACA3icbVDLSsNAFJ34rPUVdaebwSLUTUm1+FgIRTcuK9gHtKFMppN26GQSZiZiCAE3/oobF4q49Sfc+TdO0ihqPTBw5px7ufceJ2BUKsv6MGZm5+YXFgtLxeWV1bV1c2OzJf1QYNLEPvNFx0GSMMpJU1HFSCcQBHkOI21nfJH67RsiJPX5tYoCYntoyKlLMVJa6pvbw3LPQ2rkuPFtsg/P4NcvSvpmyapYGeA0qeakBHI0+uZ7b+Dj0CNcYYak7FatQNkxEopiRpJiL5QkQHiMhqSrKUcekXac3ZDAPa0MoOsL/biCmfqzI0aelJHn6Mp0Q/nXS8X/vG6o3BM7pjwIFeF4MsgNGVQ+TAOBAyoIVizSBGFB9a4Qj5BAWOnYilkIpymOvk+eJq2DSvWwUruqlerneRwFsAN2QRlUwTGog0vQAE2AwR14AE/g2bg3Ho0X43VSOmPkPVvgF4y3T4cMl5k=</latexit>

Dataset	of						pairs	of	observations	and	labels:	
Observations:	
Labels:	

N
<latexit sha1_base64="JICJZEO4ppYizjON98tpd+2WqkU=">AAAB6HicbVDLSsNAFJ3UV62vqks3g0VwVRItPnZFN66kBfuANpTJ9KYdO5mEmYlQQr/AjQtF3PpJ7vwbJ2kQtR64cDjnXu69x4s4U9q2P63C0vLK6lpxvbSxubW9U97da6swlhRaNOSh7HpEAWcCWpppDt1IAgk8Dh1vcp36nQeQioXiTk8jcAMyEsxnlGgjNW8H5YpdtTPgReLkpIJyNAblj/4wpHEAQlNOlOo5dqTdhEjNKIdZqR8riAidkBH0DBUkAOUm2aEzfGSUIfZDaUponKk/JxISKDUNPNMZED1Wf71U/M/rxdq/cBMmoliDoPNFfsyxDnH6NR4yCVTzqSGESmZuxXRMJKHaZFPKQrhMcfb98iJpn1Sd02qtWavUr/I4iugAHaJj5KBzVEc3qIFaiCJAj+gZvVj31pP1ar3NWwtWPrOPfsF6/wK/q40K</latexit>

x 2 X
<latexit sha1_base64="LLjpEKmk/pWbPE012il0NHtcDeM=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBFclUSLj13RjcsK9gFNKJPppB06mYSZSbGE/okbF4q49U/c+TdO2iBqPTBwOOde7pkTJJwp7Tif1tLyyuraemmjvLm1vbNr7+23VJxKQpsk5rHsBFhRzgRtaqY57SSS4ijgtB2MbnK/PaZSsVjc60lC/QgPBAsZwdpIPdv2IqyHQZg9TJHHBOr07IpTdWZAi8QtSAUKNHr2h9ePSRpRoQnHSnVdJ9F+hqVmhNNp2UsVTTAZ4QHtGipwRJWfzZJP0bFR+iiMpXlCo5n6cyPDkVKTKDCTeU7118vF/7xuqsNLP2MiSTUVZH4oTDnSMcprQH0mKdF8YggmkpmsiAyxxESbssqzEq5ynH9/eZG0TqvuWbV2V6vUr4s6SnAIR3ACLlxAHW6hAU0gMIZHeIYXK7OerFfrbT66ZBU7B/AL1vsXQbuTjA==</latexit>

y 2 Y
<latexit sha1_base64="Z0jul3m4C8ahB9YccyFqJ6OP71M=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBFclUSLj13RjcsK9iFNKJPppB06mYSZSSGE/okbF4q49U/c+TcmaRC1Hhg4nHMv98zxIs6UtqxPY2l5ZXVtvbJR3dza3tk19/Y7KowloW0S8lD2PKwoZ4K2NdOc9iJJceBx2vUmN7nfnVKpWCjudRJRN8AjwXxGsM6kgWk6AdZjz0+TGXKYQA8Ds2bVrQJokdglqUGJ1sD8cIYhiQMqNOFYqb5tRdpNsdSMcDqrOrGiESYTPKL9jAocUOWmRfIZOs6UIfJDmT2hUaH+3EhxoFQSeNlknlP99XLxP68fa//STZmIYk0FmR/yY450iPIa0JBJSjRPMoKJZFlWRMZYYqKzsqpFCVc5zr+/vEg6p3X7rN64a9Sa12UdFTiEIzgBGy6gCbfQgjYQmMIjPMOLkRpPxqvxNh9dMsqdA/gF4/0LRMqTjg==</latexit>

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

(Binary	Crossentropy)

argmin✓ �
X

x2X,y2Y

y log(x) + (1� y) log(1� x)

<latexit sha1_base64="B0Rfm0YspAPk32NUXHYkzWdggic="></latexit>



Neural Networks
DETECTING	SCREAMS

http://blogs-images.forbes.com/kevinmurnane/files/2016/03/google-deepmind-artificial-intelligence-2-970x0-970x646.jpg

x
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit> f(x; ✓) ⇡ y = ŷ

<latexit sha1_base64="O7BYknMWUI0wUqXD1/GwsM6ncRU=">AAACJHicbVDJSgNBEO1xjXGLevTSGAS9hIkGF0QIevEYwZhAJoSaTo9p0rPQXSOGYT7Gi7/ixYMLHrz4LfYkUdweNLx+r4qqem4khUbbfrMmJqemZ2Zzc/n5hcWl5cLK6qUOY8V4nYUyVE0XNJci4HUUKHkzUhx8V/KG2z/N/MY1V1qEwQUOIt724SoQnmCARuoUjrwtxwfsuV5ykx5RB3scYZs6EEUqvKGf3iClx18fpwdolLRTKNolewj6l5THpEjGqHUKz043ZLHPA2QStG6V7QjbCSgUTPI078SaR8D6cMVbhgbgc91OhkemdNMoXeqFyrwA6VD93pGAr/XAd01ltqf+7WXif14rRu+gnYggipEHbDTIiyXFkGaJ0a5QnKEcGAJMCbMrZT1QwNDkmh+GcJhh7+vkv+Ryp1TeLVXOK8XqyTiOHFknG2SLlMk+qZIzUiN1wsgtuSeP5Mm6sx6sF+t1VDphjXvWyA9Y7x/MxqW1</latexit>

ŷ
<latexit sha1_base64="BmOIBRdoptNVRDReCavOTai28Ek=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRafOyKblxWsA9oQplMJ+3QyYOZSaGE/IkbF4q49U/c+TdO0iBqPTBwOOde7pnjxZxJZVmfRmVldW19o7pZ29re2d0z9w+6MkoEoR0S8Uj0PSwpZyHtKKY47ceC4sDjtOdNb3O/N6NCsih8UPOYugEeh8xnBCstDU3TCbCaeH7qTLBK51k2NOtWwyqAloldkjqUaA/ND2cUkSSgoSIcSzmwrVi5KRaKEU6zmpNIGmMyxWM60DTEAZVuWiTP0IlWRsiPhH6hQoX6cyPFgZTzwNOTeU7518vF/7xBovwrN2VhnCgaksUhP+FIRSivAY2YoETxuSaYCKazIjLBAhOly6oVJVznuPj+8jLpnjXs80bzvllv3ZR1VOEIjuEUbLiEFtxBGzpAYAaP8AwvRmo8Ga/G22K0YpQ7h/ALxvsXcHKUUw==</latexit>



Neural Networks
VERY	(VERY)	BRIEFLY

http://blogs-images.forbes.com/kevinmurnane/files/2016/03/google-deepmind-artificial-intelligence-2-970x0-970x646.jpg

x
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit> f(x; ✓) ⇡ y = ŷ

<latexit sha1_base64="O7BYknMWUI0wUqXD1/GwsM6ncRU=">AAACJHicbVDJSgNBEO1xjXGLevTSGAS9hIkGF0QIevEYwZhAJoSaTo9p0rPQXSOGYT7Gi7/ixYMLHrz4LfYkUdweNLx+r4qqem4khUbbfrMmJqemZ2Zzc/n5hcWl5cLK6qUOY8V4nYUyVE0XNJci4HUUKHkzUhx8V/KG2z/N/MY1V1qEwQUOIt724SoQnmCARuoUjrwtxwfsuV5ykx5RB3scYZs6EEUqvKGf3iClx18fpwdolLRTKNolewj6l5THpEjGqHUKz043ZLHPA2QStG6V7QjbCSgUTPI078SaR8D6cMVbhgbgc91OhkemdNMoXeqFyrwA6VD93pGAr/XAd01ltqf+7WXif14rRu+gnYggipEHbDTIiyXFkGaJ0a5QnKEcGAJMCbMrZT1QwNDkmh+GcJhh7+vkv+Ryp1TeLVXOK8XqyTiOHFknG2SLlMk+qZIzUiN1wsgtuSeP5Mm6sx6sF+t1VDphjXvWyA9Y7x/MxqW1</latexit>

ŷ
<latexit sha1_base64="BmOIBRdoptNVRDReCavOTai28Ek=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRafOyKblxWsA9oQplMJ+3QyYOZSaGE/IkbF4q49U/c+TdO0iBqPTBwOOde7pnjxZxJZVmfRmVldW19o7pZ29re2d0z9w+6MkoEoR0S8Uj0PSwpZyHtKKY47ceC4sDjtOdNb3O/N6NCsih8UPOYugEeh8xnBCstDU3TCbCaeH7qTLBK51k2NOtWwyqAloldkjqUaA/ND2cUkSSgoSIcSzmwrVi5KRaKEU6zmpNIGmMyxWM60DTEAZVuWiTP0IlWRsiPhH6hQoX6cyPFgZTzwNOTeU7518vF/7xBovwrN2VhnCgaksUhP+FIRSivAY2YoETxuSaYCKazIjLBAhOly6oVJVznuPj+8jLpnjXs80bzvllv3ZR1VOEIjuEUbLiEFtxBGzpAYAaP8AwvRmo8Ga/G22K0YpQ7h/ALxvsXcHKUUw==</latexit>



PANDORA



PANDORA







The Music Genome Project
LARGE-SCALE	HUMAN	ANNOTATED	DATASET

Attribute	Examples	

Breathy	Voice	
Nasal	Voice	
Odd	Meter	
Has	Banjo	
Joyful	Lyrics	

…

Up	to	~400	attributes	per	track



The Music Genome Project
LARGE-SCALE	HUMAN	ANNOTATED	DATASET

Attribute	Examples	

Breathy	Voice	
Nasal	Voice	
Odd	Meter	
Has	Banjo	
Joyful	Lyrics	

…

Up	to	~400	attributes	per	track

Gritty	or	Gravely	voice



Gathering Data
USING	THE	MUSIC	GENOME	PROJECT

• Data	set:	

• 					=	8k	tracks	(4k	with	EVEs,	4k	without)	

• All	Hard	Rock	/	Punk	/	Metal	tracks	

• Sample	~2	second	patches	from	each	track:	

• 10	patches	per	track	

• Total	of	~80k	patches	

• 10%	for	testing	

N
<latexit sha1_base64="JICJZEO4ppYizjON98tpd+2WqkU=">AAAB6HicbVDLSsNAFJ3UV62vqks3g0VwVRItPnZFN66kBfuANpTJ9KYdO5mEmYlQQr/AjQtF3PpJ7vwbJ2kQtR64cDjnXu69x4s4U9q2P63C0vLK6lpxvbSxubW9U97da6swlhRaNOSh7HpEAWcCWpppDt1IAgk8Dh1vcp36nQeQioXiTk8jcAMyEsxnlGgjNW8H5YpdtTPgReLkpIJyNAblj/4wpHEAQlNOlOo5dqTdhEjNKIdZqR8riAidkBH0DBUkAOUm2aEzfGSUIfZDaUponKk/JxISKDUNPNMZED1Wf71U/M/rxdq/cBMmoliDoPNFfsyxDnH6NR4yCVTzqSGESmZuxXRMJKHaZFPKQrhMcfb98iJpn1Sd02qtWavUr/I4iugAHaJj5KBzVEc3qIFaiCJAj+gZvVj31pP1ar3NWwtWPrOPfsF6/wK/q40K</latexit>

x1
<latexit sha1_base64="+62MY7/uNCu+AUeUFJFnk4KGTlI=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRafOyKblxWsA9oQplMJ+3QySTMTMQS+htuXCji1p9x5984SYOo9cDA4Zx7uWeOH3OmtG1/WqWl5ZXVtfJ6ZWNza3unurvXUVEiCW2TiEey52NFORO0rZnmtBdLikOf064/uc787j2VikXiTk9j6oV4JFjACNZGct0Q67EfpA+zgTOo1uy6nQMtEqcgNSjQGlQ/3GFEkpAKTThWqu/YsfZSLDUjnM4qbqJojMkEj2jfUIFDqrw0zzxDR0YZoiCS5gmNcvXnRopDpaahbyazjOqvl4n/ef1EBxdeykScaCrI/FCQcKQjlBWAhkxSovnUEEwkM1kRGWOJiTY1VfISLjOcfX95kXRO6s5pvXHbqDWvijrKcACHcAwOnEMTbqAFbSAQwyM8w4uVWE/Wq/U2Hy1Zxc4+/IL1/gVDepH4</latexit>

x2
<latexit sha1_base64="0WHQqvHGu0CWKb/YI7Kya7kB22E=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQWH7uiG5cV7AOaUCbTSTt0MgkzE7GE/oYbF4q49Wfc+TdO0iBqPTBwOOde7pnjx5wpbduf1tLyyuraemmjvLm1vbNb2dvvqCiRhLZJxCPZ87GinAna1kxz2oslxaHPadefXGd+955KxSJxp6cx9UI8EixgBGsjuW6I9dgP0ofZoD6oVO2anQMtEqcgVSjQGlQ+3GFEkpAKTThWqu/YsfZSLDUjnM7KbqJojMkEj2jfUIFDqrw0zzxDx0YZoiCS5gmNcvXnRopDpaahbyazjOqvl4n/ef1EBxdeykScaCrI/FCQcKQjlBWAhkxSovnUEEwkM1kRGWOJiTY1lfMSLjOcfX95kXTqNee01rhtVJtXRR0lOIQjOAEHzqEJN9CCNhCI4RGe4cVKrCfr1Xqbjy5Zxc4B/IL1/gVE/pH5</latexit>

x3
<latexit sha1_base64="Lf4wghRksaaPG8OgQ3+DOq12O8c=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRafOyKblxWsA9oQplMJ+3QySTMTMQS+htuXCji1p9x5984SYOo9cDA4Zx7uWeOH3OmtG1/WqWl5ZXVtfJ6ZWNza3unurvXUVEiCW2TiEey52NFORO0rZnmtBdLikOf064/uc787j2VikXiTk9j6oV4JFjACNZGct0Q67EfpA+zwemgWrPrdg60SJyC1KBAa1D9cIcRSUIqNOFYqb5jx9pLsdSMcDqruImiMSYTPKJ9QwUOqfLSPPMMHRlliIJImic0ytWfGykOlZqGvpnMMqq/Xib+5/UTHVx4KRNxoqkg80NBwpGOUFYAGjJJieZTQzCRzGRFZIwlJtrUVMlLuMxw9v3lRdI5qTun9cZto9a8KuoowwEcwjE4cA5NuIEWtIFADI/wDC9WYj1Zr9bbfLRkFTv78AvW+xdGgpH6</latexit>

y1 = y2 = y3
<latexit sha1_base64="WBaOdqwfB22CBTS9xGMdGdhMzyc=">AAACE3icbVDLSsNAFJ34rPUVdelmsAjioiRt8bEQim5cVrAPaEOZTCft0MkkzEyEEPoPbvwVNy4UcevGnX/jJA3SWg8MnHvOvcy9xw0Zlcqyvo2l5ZXVtfXCRnFza3tn19zbb8kgEpg0ccAC0XGRJIxy0lRUMdIJBUG+y0jbHd+kfvuBCEkDfq/ikDg+GnLqUYyUlvrmac9HauR6STzp2/AKzpSV+bLaN0tW2coAF4mdkxLI0eibX71BgCOfcIUZkrJrW6FyEiQUxYxMir1IkhDhMRqSrqYc+UQ6SXbTBB5rZQC9QOjHFczU2YkE+VLGvqs70x3lXy8V//O6kfIunITyMFKE4+lHXsSgCmAaEBxQQbBisSYIC6p3hXiEBMJKx1jMQrhMcfZ78iJpVcp2tVy7q5Xq13kcBXAIjsAJsME5qINb0ABNgMEjeAav4M14Ml6Md+Nj2rpk5DMHYA7G5w9PfJ3x</latexit>



Gathering Data
USING	THE	MUSIC	GENOME	PROJECT

• Data	set:	

• 					=	8k	tracks	(4k	with	EVEs,	4k	without)	

• All	Hard	Rock	/	Punk	/	Metal	tracks	

• Sample	~2	second	patches	from	each	track:	

• 10	patches	per	track	

• Total	of	~80k	patches	

• 10%	for	testing	

N
<latexit sha1_base64="JICJZEO4ppYizjON98tpd+2WqkU=">AAAB6HicbVDLSsNAFJ3UV62vqks3g0VwVRItPnZFN66kBfuANpTJ9KYdO5mEmYlQQr/AjQtF3PpJ7vwbJ2kQtR64cDjnXu69x4s4U9q2P63C0vLK6lpxvbSxubW9U97da6swlhRaNOSh7HpEAWcCWpppDt1IAgk8Dh1vcp36nQeQioXiTk8jcAMyEsxnlGgjNW8H5YpdtTPgReLkpIJyNAblj/4wpHEAQlNOlOo5dqTdhEjNKIdZqR8riAidkBH0DBUkAOUm2aEzfGSUIfZDaUponKk/JxISKDUNPNMZED1Wf71U/M/rxdq/cBMmoliDoPNFfsyxDnH6NR4yCVTzqSGESmZuxXRMJKHaZFPKQrhMcfb98iJpn1Sd02qtWavUr/I4iugAHaJj5KBzVEc3qIFaiCJAj+gZvVj31pP1ar3NWwtWPrOPfsF6/wK/q40K</latexit>

x1
<latexit sha1_base64="+62MY7/uNCu+AUeUFJFnk4KGTlI=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRafOyKblxWsA9oQplMJ+3QySTMTMQS+htuXCji1p9x5984SYOo9cDA4Zx7uWeOH3OmtG1/WqWl5ZXVtfJ6ZWNza3unurvXUVEiCW2TiEey52NFORO0rZnmtBdLikOf064/uc787j2VikXiTk9j6oV4JFjACNZGct0Q67EfpA+zgTOo1uy6nQMtEqcgNSjQGlQ/3GFEkpAKTThWqu/YsfZSLDUjnM4qbqJojMkEj2jfUIFDqrw0zzxDR0YZoiCS5gmNcvXnRopDpaahbyazjOqvl4n/ef1EBxdeykScaCrI/FCQcKQjlBWAhkxSovnUEEwkM1kRGWOJiTY1VfISLjOcfX95kXRO6s5pvXHbqDWvijrKcACHcAwOnEMTbqAFbSAQwyM8w4uVWE/Wq/U2Hy1Zxc4+/IL1/gVDepH4</latexit>

x2
<latexit sha1_base64="0WHQqvHGu0CWKb/YI7Kya7kB22E=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQWH7uiG5cV7AOaUCbTSTt0MgkzE7GE/oYbF4q49Wfc+TdO0iBqPTBwOOde7pnjx5wpbduf1tLyyuraemmjvLm1vbNb2dvvqCiRhLZJxCPZ87GinAna1kxz2oslxaHPadefXGd+955KxSJxp6cx9UI8EixgBGsjuW6I9dgP0ofZoD6oVO2anQMtEqcgVSjQGlQ+3GFEkpAKTThWqu/YsfZSLDUjnM7KbqJojMkEj2jfUIFDqrw0zzxDx0YZoiCS5gmNcvXnRopDpaahbyazjOqvl4n/ef1EBxdeykScaCrI/FCQcKQjlBWAhkxSovnUEEwkM1kRGWOJiTY1lfMSLjOcfX95kXTqNee01rhtVJtXRR0lOIQjOAEHzqEJN9CCNhCI4RGe4cVKrCfr1Xqbjy5Zxc4B/IL1/gVE/pH5</latexit>

x3
<latexit sha1_base64="Lf4wghRksaaPG8OgQ3+DOq12O8c=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRafOyKblxWsA9oQplMJ+3QySTMTMQS+htuXCji1p9x5984SYOo9cDA4Zx7uWeOH3OmtG1/WqWl5ZXVtfJ6ZWNza3unurvXUVEiCW2TiEey52NFORO0rZnmtBdLikOf064/uc787j2VikXiTk9j6oV4JFjACNZGct0Q67EfpA+zwemgWrPrdg60SJyC1KBAa1D9cIcRSUIqNOFYqb5jx9pLsdSMcDqruImiMSYTPKJ9QwUOqfLSPPMMHRlliIJImic0ytWfGykOlZqGvpnMMqq/Xib+5/UTHVx4KRNxoqkg80NBwpGOUFYAGjJJieZTQzCRzGRFZIwlJtrUVMlLuMxw9v3lRdI5qTun9cZto9a8KuoowwEcwjE4cA5NuIEWtIFADI/wDC9WYj1Zr9bbfLRkFTv78AvW+xdGgpH6</latexit>

y1 = y2 = y3
<latexit sha1_base64="WBaOdqwfB22CBTS9xGMdGdhMzyc=">AAACE3icbVDLSsNAFJ34rPUVdelmsAjioiRt8bEQim5cVrAPaEOZTCft0MkkzEyEEPoPbvwVNy4UcevGnX/jJA3SWg8MnHvOvcy9xw0Zlcqyvo2l5ZXVtfXCRnFza3tn19zbb8kgEpg0ccAC0XGRJIxy0lRUMdIJBUG+y0jbHd+kfvuBCEkDfq/ikDg+GnLqUYyUlvrmac9HauR6STzp2/AKzpSV+bLaN0tW2coAF4mdkxLI0eibX71BgCOfcIUZkrJrW6FyEiQUxYxMir1IkhDhMRqSrqYc+UQ6SXbTBB5rZQC9QOjHFczU2YkE+VLGvqs70x3lXy8V//O6kfIunITyMFKE4+lHXsSgCmAaEBxQQbBisSYIC6p3hXiEBMJKx1jMQrhMcfZ78iJpVcp2tVy7q5Xq13kcBXAIjsAJsME5qINb0ABNgMEjeAav4M14Ml6Md+Nj2rpk5DMHYA7G5w9PfJ3x</latexit>



Gathering Data
USING	THE	MUSIC	GENOME	PROJECT

• Data	set:	

• 					=	8k	tracks	(4k	with	EVEs,	4k	without)	

• All	Hard	Rock	/	Punk	/	Metal	tracks	

• Sample	~2	second	patches	from	each	track:	

• 10	patches	per	track	

• Total	of	~80k	patches	

• 10%	for	testing	

N
<latexit sha1_base64="JICJZEO4ppYizjON98tpd+2WqkU=">AAAB6HicbVDLSsNAFJ3UV62vqks3g0VwVRItPnZFN66kBfuANpTJ9KYdO5mEmYlQQr/AjQtF3PpJ7vwbJ2kQtR64cDjnXu69x4s4U9q2P63C0vLK6lpxvbSxubW9U97da6swlhRaNOSh7HpEAWcCWpppDt1IAgk8Dh1vcp36nQeQioXiTk8jcAMyEsxnlGgjNW8H5YpdtTPgReLkpIJyNAblj/4wpHEAQlNOlOo5dqTdhEjNKIdZqR8riAidkBH0DBUkAOUm2aEzfGSUIfZDaUponKk/JxISKDUNPNMZED1Wf71U/M/rxdq/cBMmoliDoPNFfsyxDnH6NR4yCVTzqSGESmZuxXRMJKHaZFPKQrhMcfb98iJpn1Sd02qtWavUr/I4iugAHaJj5KBzVEc3qIFaiCJAj+gZvVj31pP1ar3NWwtWPrOPfsF6/wK/q40K</latexit>

x1
<latexit sha1_base64="+62MY7/uNCu+AUeUFJFnk4KGTlI=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRafOyKblxWsA9oQplMJ+3QySTMTMQS+htuXCji1p9x5984SYOo9cDA4Zx7uWeOH3OmtG1/WqWl5ZXVtfJ6ZWNza3unurvXUVEiCW2TiEey52NFORO0rZnmtBdLikOf064/uc787j2VikXiTk9j6oV4JFjACNZGct0Q67EfpA+zgTOo1uy6nQMtEqcgNSjQGlQ/3GFEkpAKTThWqu/YsfZSLDUjnM4qbqJojMkEj2jfUIFDqrw0zzxDR0YZoiCS5gmNcvXnRopDpaahbyazjOqvl4n/ef1EBxdeykScaCrI/FCQcKQjlBWAhkxSovnUEEwkM1kRGWOJiTY1VfISLjOcfX95kXRO6s5pvXHbqDWvijrKcACHcAwOnEMTbqAFbSAQwyM8w4uVWE/Wq/U2Hy1Zxc4+/IL1/gVDepH4</latexit>

x2
<latexit sha1_base64="0WHQqvHGu0CWKb/YI7Kya7kB22E=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQWH7uiG5cV7AOaUCbTSTt0MgkzE7GE/oYbF4q49Wfc+TdO0iBqPTBwOOde7pnjx5wpbduf1tLyyuraemmjvLm1vbNb2dvvqCiRhLZJxCPZ87GinAna1kxz2oslxaHPadefXGd+955KxSJxp6cx9UI8EixgBGsjuW6I9dgP0ofZoD6oVO2anQMtEqcgVSjQGlQ+3GFEkpAKTThWqu/YsfZSLDUjnM7KbqJojMkEj2jfUIFDqrw0zzxDx0YZoiCS5gmNcvXnRopDpaahbyazjOqvl4n/ef1EBxdeykScaCrI/FCQcKQjlBWAhkxSovnUEEwkM1kRGWOJiTY1lfMSLjOcfX95kXTqNee01rhtVJtXRR0lOIQjOAEHzqEJN9CCNhCI4RGe4cVKrCfr1Xqbjy5Zxc4B/IL1/gVE/pH5</latexit>

x3
<latexit sha1_base64="Lf4wghRksaaPG8OgQ3+DOq12O8c=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRafOyKblxWsA9oQplMJ+3QySTMTMQS+htuXCji1p9x5984SYOo9cDA4Zx7uWeOH3OmtG1/WqWl5ZXVtfJ6ZWNza3unurvXUVEiCW2TiEey52NFORO0rZnmtBdLikOf064/uc787j2VikXiTk9j6oV4JFjACNZGct0Q67EfpA+zwemgWrPrdg60SJyC1KBAa1D9cIcRSUIqNOFYqb5jx9pLsdSMcDqruImiMSYTPKJ9QwUOqfLSPPMMHRlliIJImic0ytWfGykOlZqGvpnMMqq/Xib+5/UTHVx4KRNxoqkg80NBwpGOUFYAGjJJieZTQzCRzGRFZIwlJtrUVMlLuMxw9v3lRdI5qTun9cZto9a8KuoowwEcwjE4cA5NuIEWtIFADI/wDC9WYj1Zr9bbfLRkFTv78AvW+xdGgpH6</latexit>

y1 = y2 = y3
<latexit sha1_base64="WBaOdqwfB22CBTS9xGMdGdhMzyc=">AAACE3icbVDLSsNAFJ34rPUVdelmsAjioiRt8bEQim5cVrAPaEOZTCft0MkkzEyEEPoPbvwVNy4UcevGnX/jJA3SWg8MnHvOvcy9xw0Zlcqyvo2l5ZXVtfXCRnFza3tn19zbb8kgEpg0ccAC0XGRJIxy0lRUMdIJBUG+y0jbHd+kfvuBCEkDfq/ikDg+GnLqUYyUlvrmac9HauR6STzp2/AKzpSV+bLaN0tW2coAF4mdkxLI0eibX71BgCOfcIUZkrJrW6FyEiQUxYxMir1IkhDhMRqSrqYc+UQ6SXbTBB5rZQC9QOjHFczU2YkE+VLGvqs70x3lXy8V//O6kfIunITyMFKE4+lHXsSgCmAaEBxQQbBisSYIC6p3hXiEBMJKx1jMQrhMcfZ78iJpVcp2tVy7q5Xq13kcBXAIjsAJsME5qINb0ABNgMEjeAav4M14Ml6Md+Nj2rpk5DMHYA7G5w9PfJ3x</latexit>



Deep Architecture
CONVOLUTIONAL	NEURAL	NETWORK
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Convolutional	Layers	+	Max	Pooling	+	Batch	Norm	+	ELU Dense	Layer
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(Pons 2017)



Deep Architecture
CONVOLUTIONAL	NEURAL	NETWORK	W/	SOFT	ATTENTION
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T

Convolutional	Layers	+	Max	Pooling	+	Batch	Norm	+	ELU Dense	Layer
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(Balke, 2019)

⌦
<latexit sha1_base64="4n0NAFbD8LQFfk8gC0bIYnEBqbc=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKexq8HELevEYwTwgWcLsZDYZMjuzzswKYclPePGgiFd/x5t/42yyiBoLGoqqbrq7gpgzbVz30yksLa+srhXXSxubW9s75d29lpaJIrRJJJeqE2BNORO0aZjhtBMriqOA03Ywvs789gNVmklxZyYx9SM8FCxkBBsrdXrSsIjqUr9ccavuDGiReDmpQI5Gv/zRG0iSRFQYwrHWXc+NjZ9iZRjhdFrqJZrGmIzxkHYtFdhu8dPZvVN0ZJUBCqWyJQyaqT8nUhxpPYkC2xlhM9J/vUz8z+smJrzwUybixFBB5ovChCMjUfY8GjBFieETSzBRzN6KyAgrTIyNaB7CZYaz75cXSeuk6p1Wa7e1Sv0qj6MIB3AIx+DBOdThBhrQBAIcHuEZXpx758l5dd7mrQUnn9mHX3DevwDWCo/5</latexit>

CNN

Socmax

Soft	Attention

T



Training and Testing

• Loss:	Binary	Crossentropy	

• Dropout:	20%	in	Dense	Layer	

• Adam	Optimizer	

• 1e-4	learning	rate	

• Mini-batch:	16	observations	

• After	training	(~30min):	

• 85.4%	accuracy	in	test	subset	(w/o	soft	attention)	

• 80.2%	accuracy	in	test	subset	(w/	soft	attention)

argmin✓ �
X

x2X,y2Y

y log(x) + (1� y) log(1� x)

<latexit sha1_base64="B0Rfm0YspAPk32NUXHYkzWdggic="></latexit>



Examples
BLEAK	-	OPETH



Examples
PANASONIC	YOUTH	-	THE	DILLINGER	ESCAPE	PLAN



Examples
ROOTS,	BLOODY	ROOTS	-	SEPULTURA



Examples
DARK	MATTER	-	PORCUPINE	TREE
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CONCLUSIONS

Discussed	several	spectra	of	different	types	of	EVEs	

Spectral	analysis	on	full	tracks	might	be	too	noisy	to	perform	visually	

Neural	networks	can	detect	such	EVEs	when	using	spectra	as	input
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THE FUTURE
Investigate	soft-attention	further?		

Publish	some	the	dataset?		
Use	Screaminator’s	screams	as	training	data?	

Extend	to	Tuvan	Singing?	
Automatically	classify	different	EVEs?	

Publish	some	of	this	work	(looking	for	collaborators!)	

Use	deeper	architectures	similar	to	state-of-the-art	music	autotagging
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