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Soundtrack Classification

® 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
Diarization
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® Consumer Video
Classification & Search
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® Live hearing prosthesis app

® Robot environment sensitivity




Consumer Video Dataset
Y-G. Jiang et al. 201 |

® Columbia Consumer Video (CCV) set
0931/ videos /210 hours
0 20 concepts based on consumer user study
O [ abeled via Amazon Mechanical Turk

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

Description:

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

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

e Make sure the audio is on.

¢ If no matching category is found, mark the box in front of "None of the categories matches".
e For categories that appears to be relevant but you're not completely sure, please still mark it.
¢ Please move over or click on the category name for detailed description.

Sport Animal Celebration Others
[0 Basketball [ Cat Graduation [C] Music Performance
[ Baseball [ Dog [ Birthday [ Non-music Performance
[0] Soccer [ Bird [ Wedding Reception [] Parade
[ Ice Skate [0 Wedding Ceremony [0 Beach
[ ski [0 Wedding Dance [0 Playground
[ Swim [CINone of the categories matches.
[ Biking 1 don't see any video playing.

Current Time: 10 sec

Replay Continue Playing
Original URL: http: //www.youtube,.com/watch?v=u_2dqwBd1L0




Soundtrack Classification

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

O ="bag of features”
0 MFCC
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® (Classify by e.g. Mahalanobis distance + SVM




Codebook Histograms

® |nstead of Gaussian model,

convert high-dim. distributions to multinomial
O Vector Quantization (VQ)

Global Per-Category
Gaussian Mixture Component
Mixture Model Histogram
i . m ool
MFCC o e g"" ] —
features J % . D

MFCC(0) GMM mixture

® (Classify by distance on histograms
o KL, Chi-squared
o+ SVM



Baseline Limitations

Original

N

freq / kHz

® MFCCs model
broad spectral shape
but strip away

freq / kHz

O transients, prtch, texture

time/s

® BoF loses temporal structure...
® Channel & Noise



Auditory Model Features

® |yon’s Stabilized Auditory Image (SAl) model

stabilized by ‘strobing’ on transients
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Subband Autocorrelation (SBPCA)

® Simplified version of Lyon model
O |Ox faster (RTx> — RT/2)

® Captures in multiple bands
O .. the information that is lost in MFCC features

short-time
autocorrelation
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Filterbank

Subband VQ
Histogram

Sound| Cochlea
filterbank

® Simple four-pole, two-zero

Subband VQ
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Subband VQ

Feature Vector

bandpass filters
® Constant-Q, log-spacing
O very rough approximation to cochlea
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Frequency

freq { He

® Autocorrelation

fine time structure

4000

3000

ro
o
o
o

1000

1 | I . l
12 12.5 13 135 14
Time
speech-12.44

283
200
141
100

1
! 0.005 0.01 i
lagis

Sound| Cochlea £

025 ms window,
lags up to 25 ms

O calculated every
|0 ms

O normalized to
max (zero lag)




® Autocorrelation of

bandpass signals is constrained

SSSSS

O full Image = 24 bands x 200 lags
O but intrinsic information is much lower

® Reduce dimensionality

with Principal Component

Analysis (PCA)
O calculated on individual
bands to retain separability

O per-subband PCA bases
nave little dependence
on training material

O [0 dimensions adequate

PCA component number
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Subband VQ

® Summarize features across

segments by VQ histogram

® 4 to
provide overlap
resistance
O non-overlapping
groups of

6 subbands
x |0 PCA coefs

® FEach band quantized into 1000 codewords;

whole soundtrack = codeword histogram
0 4000 dimensions, sparse

® SVM classifier with Chi? kernel




Auditory Model Feature Results

® SAIl| and SBPCA
close to

baseline

® Fusing MFCC and
SBPCA improves
mAP by 5% rel
o mAP: 0.35 = 0.40

® (Calculation time
O ' 6 hours
o SAl: 1087 hours
o SBPCA: | |0 hours
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Retrieval Examples

® Browsing results are sometimes surprising!

®0e6e Cat-max |

<> (][ O] D | () file:// /Users/drspeech/data/aladdin/code /genVidClassif/html/html/fixed/Cat-max.html ¢ | /1€
& [0 B¥ Delicidpwe ->delic RAPSSite elmp ADMM AladdinShPt babelswordfish CVNFacCtr GooDocs GooSchol AWS CiteULike mailman:labrosa RatsDC » E
Cat-max

mp3/CikhLITtIZc - 0.55979 mp3/H99hPZw6i-U - 0.51656

_ P> Loading...

mp3/MbxPaBgGhDs - 0.35376 mp3/3CVpmM48iSo - 0.33436

mp3/MRGwI2WIKVA - 0.29601

file:///u/drspeech/data/aladdin/code/genVidClassif/html/mfcc230/Cat-max.html



Open Issues

® Foreground &
O transients at a coarser scale

® Better object/event separation

O parametric models .
. . i 4 iL .
O spatial information? sy .
O computational o
auditory scene analysis... —1 - {
. . .

Frequency Proximity Common Onset  Harmonicity

® Better
O granularity in time & concept



Summary

® Soundtrack classification
Acoustic properties of different events

® Standard model
MFCC + bag-of-features + classifier

to recapture the fine time structure
O combination improves retrieval

code available:
http://labrosa.ee.columbia.edu/projects/calcSBPCA/



http://labrosa.ee.columbia.edu/projects/calcSBPCA/
http://labrosa.ee.columbia.edu/projects/calcSBPCA/
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