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Machine Listening

Extracting useful information from sound
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The Information in Audio

® Environmental recordings contain info on:

O |ocation — type (restaurant,
street, ...) and specifics

O activity — talking, walking,
typing, ..

O people — generic (2 males), e
specific (Chuck & John)
o (sometimes)
® but not:
O what people and things"
O day/night ...
O ... except when correlated with audible features
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Consumer Video Dataset

® 25° " from

Kodak user study
O boat, crowd, cheer, dance, ...

N
YT _parade 028
Score:0.91873

® Grab top 200 videos
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® Concept overlap: ot

group of 3+

from You Tube search

o filter for raw, unedited
= |8/3 videos
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Global Classification

® Baseline for soundtrack classification
O divide sound into short frames (e.g. 30 ms)
O calculate features (e.g. MFCC) for each frame
O describe clip by of frames (mean, covariance)

O ="bag of features”

TS _— MFCC
o e i = Covariance

Video & d | Matrix
SO u n dt raC k S ;0 MFCC covariance

MFCC &
features -

® Classify by e.g. Mahalanobis distance + SV




Codebook Histograms

® Convert nonplanar distributions to multinomial

Global Per-Category
Gaussian Mixture Component
Mixture Model Histogram
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® (Classify by distance on histograms
o KL, Chi-squared
o + SVM




Global Classification Results

B Guessing

B MFCC + GMM Classifier

[ ] Single-Gaussian + KL2

[ 8-GMM + Bha

Bl 1024-GMM Histogram + 500-log(P(zlc)/Pz))

Average Precision

Concept class

® Wide range in performance
O audio (music, ski) vs. non-audio (group, night)
O large AP uncertainty on infrequent classes




Combining with Video

® Video classification by SIFT codebooks

= Random Baseline
0.9. = Video Only
= Audio Only
0.8 = A+V Fusion

ecision

® Audio adds most for dancing, baby, museum ...




Foreground Classification

® Global vs.local class models
O tell-tale acoustics may be

O iry Iterative realignment of HMMs:

"In statistics
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voice
baby
laugh

Old Way:

New Way:

All frames contribute

4

Limited temporal extents

N
T
N
~
o
(0]
=
“—

‘JI \‘F W
it

freq / kHz

I

“ 1 :‘lfli‘:“‘/:
i W
M) e |
15  time/s

voice baby laugh bg

"model shared by all clips



freq / kHz

Transient Features
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finds energy bursts
O best SNR

g;f;,:es ® PCA basis to
ST represent each
0 300 ms x auditory frg
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“bag of transients”

® Object-related...
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Nonnegative Matrix Factorization

® Decompose spectrograms into

templates 2 s
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Outstanding Issues

® How to separate foreground & background!?

® How to exploit prior knowledge of sounds!?

® How to make classification credible?




Classifier Insight

® How can we understand classification results!?
O ..1to Inspire confidence & enrich results

® Temporal breakdown

Spectrogram : YT_beach_001.mpeg,
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Manual Frame-level Annotation
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® (Cluster examples
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cluster 123 (baby)




Summary

Machine Listening:
Getting useful information from sound

Environmental sound classification
... from whole-clip statistics!?

energy peaks
... separate foreground background

Classifier insight
... for confidence & analysis
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