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Machine Listening

Extracting useful information from sound
O ... like animals do
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Environmental Sound Recognition

® Goal: Describe soundtracks with a vocabulary
of user-relevant acoustic events/sources
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® Challenges:

O Defining acoustic event vocabulary
O Overlapping sounds

O Ground-truth training data
O Classifier accuracy



Environmental Sound Applications

® Audio Lifelog ,/ | Z A
Diarization oy 1

® Consumer Video
Classification & Search
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® Live hearing prosthesis app

® Robot environment sensitivity




® Environment
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® Nonspeech Sound Recognition

© Meeting room
Audio Event Classification

O sports events - cheers, bat/ball sounds,



Consumer Video Dataset

® 25° " from

Kodak user study ,
O boat, crowd, cheer, dance, ... o
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Obtaining Labeled Data

® Amazon Mechanical Turk Y.G Jiang et al. 201 |
O |Os clips

09,641 videos In 4 weeks
Columbia Consumer Video (CCV) set

Mark all the categories that appear in any part of the video.

Description:

.
.
.
.
.

Watch the entire video as more categories may appear over time.

Mark all the categories that appear in any part of the video.

Make sure the audio is on.

If no matching category is found, mark the box in front of "None of the categories matches".

For categorles that appears to be relevant but you're not completely sure, please still mark it.
: 10~ e for detailed description.

: Sport Animal Celebration Others

mm““@““'“"’ % [ Basketball [ Cat [ Graduation [ Music Performance
""" [ Baseball [ Dog [ Birthday [0 Non-music Performance

[0 Soccer [0 Bird [ Wedding Reception [ Parade

[ Ice Skate [ Wedding Cerermony [ Beach

[ ski [ Wedding Dance [0 Playground

[0 Swim [INone of the categories matches.

[0 Biking [T don't see any video playing.

Current Time: 10 sec

Replay Continue Playing
Original URL: http://www.youtube.com/watch?v=u_2dqWwBd1L0




Background 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”

MFCC
_ Covariance
Video : Matrix
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d -.J .
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features > : '
[ | -50

® (Classify by e.g. Mahalanobis distance + SVM



Codebook Histograms

® Convert high-dim. distributions to multinomial
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® (Classify by distance on histograms
o KL, Chi-squared
o+ SVM



Latent Semantic Analysis (LSA)

® Probabilistic LSA (pLSA) models each histogram

as a mixture of several ‘topics’
O .. each clip may have several things going on

® Topic sets optimized through EM
o p(fir | clip) = X iopics p(fir | topic) p(topic | clip)

GMM histogram ftrs

“Topic”
[T TTTT1]

GMM histogram ftrs

— p(fir | topic) -
| |
[T [

;(.
“Topic”

AV Clip
[ [ [ [ [ |
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(T 1| T

AV Clip

p(ftr I clip) HH =

O use zﬁ-ormahz'eﬂd?) p(topic T clip) as per-clip features



Average Precision

Background Classification Results

Bl Guessing

B MFCC + GMM Classifier
[ Single-Gaussian + KL2
[ 8-GMM + Bha

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

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

® Characterize sounds by
perceptually-sufficient statistics

Modulation

=' F.FT .| Octave bins | energy
Sound Automatic mel |.> 0.5,1,2,4,8,16 Hz (18 x 6)
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Sound Texture Features

® Test on MED 2010 -

I VVSK
development data =
o |0 specially-collected ° 5
manual labels iﬂi

05 Rural Urban Quiet Noisy Dubbed Speech Music Cheer Clap Avg

MED 2010 Txtr Feature (norm

I

M V S K ms

® (Contrasts in

feature sets
O correlation of labels...

MED 2010 Txtr Feature (norm

stddev:
D bb d I

T ® Perform
~ same as MFCCs

_ I 0 combine wel
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Auditory Model Features

® Based on Lyon/Patterson Auditory Image Model
O Simplified version is 10x faster (RTx> = RT1/2)

® Captures fine time structure in multiple bands
O ..The information that is lost in MFCC features

short-time
autocorrelation

Subband VQ

Subband VQ

Histogram |—-
Sound
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Feature Vector

Subband VQ

22222222

lag
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------ time  slice



Auditory Model Feature Results

® Results vary with class, but fusion helps 5%
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O Results for CCV (9317 videos)
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Real-World Dictionary

® BBC Sound Effects as reference library
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BBC Audio Semantic Classes
® Use BBC Sound Effects Library

© 2238 sound files

O Short keyword
descriptions

SFX001-04—-01
SFX001-05-01
SFX001-06—01
SFX001-07-01
SFX001-08-01
SFX001-09-01

Wood Fire Inside Stove 5:07

City Skyline City Skyline 9:46

High Street With Traffic, Footsteps

Car Wash Automatic, Wash Phase Inside R
Motor Cycle Yamaha Rd 350: Motor Cycle
Motor Cycle Yamaha Rd 350, Rider Runs U

® Train classifiers for 100

most common keywords
O Select 45 best-performing

® Added as “semantic units’”’
o .. Useful for description?

290 footsteps 59 men

267 on 59 general
240 animals 55 switch

197 ambience 53 starts

193 interior 53 crowds

BBC2238 top 25 mutual AP

0.8
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0.4

0.2



Audio Semantic Results

® Semantic-level feature fusion helps ~15%
relative
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Audio Semantic Results

® Browsing results is surprisingly good
(sometimes)

8 0o | | Scho »  (.)404 + Activ = Grad Mloela SNoce [P Eas) . stati Publi « ' JPlE48) », () Dog- * | Brweb. O dem: +
& C M © file:///u/drspeech/data/aladdin/code/videoSndtrkClass/html|/Dog-max.html o7 | & a 4{9{ Q
Dog-max M

I[HVC862001 - 0.33779 [HVC205402 - 0.18894
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Foreground: Transient Features

M event
times

freq / kHz
ON & oON B D ON & O

event
patches
PCA bases

FEN
*EEEE
| =]

SIHEE

clusters
histogram

® Transients =

foreground events!?

® Onset detector

finds energy bursts
O best SNR

® PCA basis to

represent each
0 300 ms x auditory freq

® “bag of transients”



Nonnegative Matrix Factorization

® Decompose spectrograms into

te m P I ates E: Zf;j 1 Original mixture Y
+ aCtivati O n ] ?zgz | .'m b Il | " .II" l|III IN“ |III l|III l|III : |III l|III l|III IIIl|m l|III .|m| ll|III .|m .|m| l|III .|I" l|III l|II
sas ﬁ.n:.nr .n:.nhlﬁlh..nnlﬁuu RIJH”IHH'ad ”I ”:.I ﬁ ”:.ﬁ q '.:uj.'ﬁ.u:q

X =W H

Basis 1
(L2)

o fast & forgiving
gradient descent
algorithm

0 2D patches
O sparsity control  eass fa

. : (L1) B¢
O computation time...




NMF Transient Features

® |[earn 20 patches from
Meeting Room Acoustic ...z
Event data g

Patch 3 Patch 4 Patch 5

® Compare to
detector
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Foreground Event Localization

® (lobal vs. local class models K Lee. Ellis. Loui |0
O tell-tale acoustics may be ‘washed out’in statistics

O try rterative realignment of HMMs:

YT baby 002:
voice
IbabB;] Old Way: New Way:
au . A A
° All frames contribute Limited temporal extents
~ ‘\ | X ‘ : ol \‘f
o 3 o 3 !
o | o
20 2
' 1
O s iy e ol i
5 10 15  time/s
voice baby ~ laugh bg

O “backoround” model shared by all clips
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Foreground Event HMMs

® Training labels only

Spectrogram : YT beach_001.mpeg,
Manual CI|p IeveI Labels

beach”, “group of 3+”,

_.f /;*;fé/f =

Manual Frame IeveI Annotatlon

at clip-level

etc

® Refine models by
EM realighment

® Use for classifying

entire video...
O or seeking to relevant
part
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Refining Ground Truth

® Audio Ground Truth at coarse time resolution
O better-focused labels give better classifiers?
O but Iittle Information In very short time frames

® Train classifiers on shorter (2 sec) segments!?

O Inrtial labels app|>/ o  Video 0EwtL2yr0ys8 03FF1S253YU
h | | E) Tags Parade -
to whole clip S Time Labels —
= Features (1 [ [ [ 1 1 T 11
N y¥
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L T Poserirs  [NEEC W [ LT
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©  Time Labels [ ]
L Features [T T T T T 1 [T 11
N y

O Retrain classifier SVM Train

SVM Classify




Refining Ground Truth

® Refining labels is “Multiple Instance Learning”
O “Positive’” clips have at least one +ve frame
© “Negative” clips are all —ve

® Refine based on previous classifier’s scores
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Refining Ground Truth

® Score by aggregating frame labels to whole clip
® Systems improve for 3-5 epochs, ~10% total
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Open Issues

® Better object/event separation
O parametric models
O spatial information?

O computational T ",
auditory T n - |
scene analysis... A= ' _f.
. .

Frequency Proximity Common Onset  Harmonicity

® |arge-scale analysis

® |[ntegration with



Audio Annotation

® Co-ordinating program-wide effort to share

Iabels animal singing clatter
anim_bird music_sing rustle
@) Deﬂrnng |abe| Se‘t anim_cat music scratch
anim_ghoat knock hammer
@) Crea'ting |abe|ed da'ta anim_horse thud washboard
. human_noise clap applause
o CMU 43 label set as basis laugh click whistle
scream bang squeak
child beep tone
mumble engine_quiet sirene
speech engine_light water
speech_ne power_tool micro_blow
radio engine_heavy wind

white_noise
other_creak

cheer
crowd

® Efficiency of labeling is key
O Audio-only vs. audio+video!?
o Coarse-level human labels
+ automatic refinement?



Audio-Visual Atoms

® Object-related features
from both audio (transients) & video (patches)

visual atom visual atom
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Joint Audio-Visual Atom
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Audio-Visual Atoms

® of A-V co-occurrences
M Visual Atoms

MXN
visual atom visual atom A-V Atoms
I by S
codebook
learning

¢ Joint A-V
‘ : Codebook
audlo atom audio atom _

N audio atoms




Audio-Visual Atoms

black suit marching sand
+ romantic people + beach
music ~ + parade sounds

sound

G5 71H Audio only
0.8 +{ M Visual only
0.7 4+ Visual + Audio
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Summary

Machine Listening;
Getting useful information from sound

Background sound classification
... from whole-clip statistics?

recognition
... by focusing on peak energy patches

Speech content is very important
... separate with pitch, models, ...
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