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Machine Listening

“Listening puts us in the world” (Handel, 1989)

® Listening
= Getting useful information from sound
O signal processing +
O “useful” depends
on what you're doing

® Machine Listening
= devices that respond
to particular sounds




Listening Machines
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Why is Machine Listening obscure!?

® A poor second to Machine Vision:

GQ glc "machine vision" GQ glg "machine listening"

About 1,120,000 results (0.42 seconds) About 61,200 results (0.78 seconds)

GO SIC "computer vision" GO SIC "computational audition”

About 2,500,000 results (0.70 seconds) About 862 results (0.31 seconds)

O vision leads to more immediate practical applications
(robotics)!

O “machine listening” has been subsumed by
speech recognition?

O Images are more tangible?




Listening to Mixtures

® The world is cluttered

& sound is
O mixtures are a certainty

® Useful information is structured by ‘sources’

O specific definition of a ‘'source”
intentional independence




Listening vs. Separation

® Extracting information
does not require reconstructing waveforms
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O e.g. Shazam
fingerprinting
[Wang '03]

® But... high-level description permits




Listening Machine Parts

Memory /
models

Sound Front-end S;en; Action
—> . organization /
representation |
separation

Representation: what is perceived

Organization: handling overlap and interference
: object classification & description

Models: stored information about objects




Listening Machines

® VWhat would count "
as a machine listener, wen
...and why would '
we want one!
O replace people
O surpass people
O Interactive devices
O musiclans

- ‘7". ,"ﬂ“’l

® ASR!? yes 'smmo'.,,;ﬁf&-..e,gg,;pt;-
® Separation! maybe
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Machine Listening Tasks

Automatic
Narration

Environment
Awareness

“Sound
Intelligence”

Environmental
Sound

Music

Emotion .
Recommendation

Music
Transcription

Speech/Music

Speech

Domain




Key Tools in Machine Listening

® History: an eclectic timeline:
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Applications:
Speech
Music

o what worked! what is useful?




Early Speech Recognition

® DTW template matching

Lowest cost to (i,f)

FIVE
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® |nnovations:
O template models

50 time /frames

Reference frames I

Input frames f;

O time warping




MFCGCs

One feature to rule them all?
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O just the right amount of blurring




Hidden Markov Models

® Recognition as
inferring
the parameters

of a
SAAAAAAAABBBBBBBBBCCCCBBBBBBCE

. . State sequence
Emission distributions AAAAAAAABBBBBBBBBBBCCCCBBBBBBRC

g=A [\g=B [\g=C | Observation : ;
sequence  *.°° 1
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Time warping
+ probability
+ training
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Model Decomposition

® HMMs applied to multiple sources

O infer generative states
for many models

O combination of observations...

O exponential
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Segmentation & Classification

® | abel audio at scale of ~ seconds

O segment when .

signal changes Video 7 g 7 Nt
O describe by |

Soundtrack

MFCC
features

O classify with
existing models (HMMs?)

® Many supervised m | _
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Music Transcription

® Music audio has a very specific
O .. and an explicit abstract content
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O prtch + harmonics
O rhythm
O ‘harmonized’ voices




Sinusoidal Models

® Stylize a spectrogram
components
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O discrete pleces = objects
0 good for modification & resynthesis




Comp.Aud. Scene Analysis

® Computer implementations of
principles from [Bregman |990] etc.

input fsignal dizcrete
——3| Frontend J€C ping
O har‘rnorﬂcrty’ - (maps) | formation rules groups
onset cues

, Oracle
O time-frequency mask:

masking
for resynthesis




Independent Component Analysis

® (Can separate “blind” combinations by
maximizing of outputs
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Nonnegative Matrix Factorization

® Decomposition of spectrograms
into templates + activation
X=W-'H
O fast & forgiving gradient descent algorithm
o fits neatly with ez G2

sounds
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Summary of Key ldeas

lemplates
HMMs

Spectrogram bases

MFCCs Memory /
: : ! models
Sinusoids

\4
Scene i
Sound Front-end Action
— e '—> organzatom/|—> |—>
representation ‘
separation
Segmentation
CASA

ICA, NMF




Open Issues

® Where to focus to advance machine listening?

O task & evaluation
O separation
O models & learning

o ASA

O computational theory
o

@)




Scene Analysis Tasks

® Real scenes are
complex!

Wefts6,7 Weft8 Wefts9-12
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O background noise
O many objects
O prominence

® |[s this just scaling,
or is it different? ...

fiHz
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How Important is Separation?

o systems often evaluated by SNR
O based on pre-mix components - Is this relevant!

® Best machine listening systems have resynthesis

O e.g. Iroquols speech recognition -
“separate then recognize”

© + resynthesis [ ’ target energy words model
|

() )
identify speech
—> target energy : models
)

source
knowledge

' | separation
_ tfmasking ' words ' identify find best }lvgrds

® Separated signals don’t have to match originals
to be useful




How Many Models!?

® More models — better analysis
O need dictionaries for “everything 7!

® Model adaptation and hierarchy

O speaker adapted models : fal-hul
base + parameters

O extrapolation beyond normal

10

VT length rat

0

107 pitch / Hz
Time scales of model acquisition SR
O innate/evolutionary (hair-cell tuning)
O developmental (mother tongue phones)
O dynamic - the “Bolero” effect




Auditory Scene Analysis!?

learn harmonicity, onset

VQ256 codebook female

O ... to subsume rules/

representations of
CASA

Frequency (kHz)

Codeword

® (Can also capture sequential structure
O e.g. consonants follow vowels
O use overlapping patches?

® But: computational factors




Computational Theory

® Marr’s (1982) perspective on perception

Computational
Theory

® What is the computational theory

of machine listening?
O independence! sources!




Summary

® Machine Listening:
Getting useful information from sound

® Techniques for:
O representation

O separation / organization
o

O memory / models

® Where to go!
O separation!?
O computational theory!?
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