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Can recognize

4MB ram => 30:s
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1990

Commercial opportunities

Number of words bigger than human’s



anything else |I'can help you
with?

“ Will you mah'fyi me |
W Ehd Useril_’jic‘ehsihg |
Agreement does not cover
marriage. My apologies.
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Mel-frequency

perceptual scale of pitch

1000 to 1000

ngj%%%n

Not all equations are the same



Mel-frequency

Hz 40 161 200 404 693 867 1000 2022 3000 RRIK] 4109 5526 6500 1743 12000
mel 43 257 300 514 171 928 1000 1542 2000 2142 2314 2600 2711 2914 3228

m = 2595log,,(1 +%) = 1127 log.(1 +L

700
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Cepstrum

FFT => abs() => log() => IFFT(FFT)

“quefrency”
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Spectral Envelope
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Spectral Envelope
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Spectrum and Envelope

Spectrum envelope

——Spectrum

normalized frequency







Disc-Cosine-Trans v.s. Disc-Fourier-
Trans

DCT

N-—1
X[k = Y z[n] cos(%k(n—l— )

DFT

N-—-1
X[k =Y zn) cos(iNkn)

n=0
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Disc-Cosine-Trans v.s. Disc-Fourier-

Trans
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Disc-Cosine-Trans v.s. Disc-Fourier-

Trans
N-—-1 - 1
Xclk] = ; z[n] cos(-k(n + 3))

N-—1

= Re{ Z $[n]8_3ﬁk” e_jﬁk}
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MFCC

FFT => power spectrum =>

triangular filter banks (usually 26)

log => DCT(IDCT)

HUAE (usually 13)



MFCC

Why MFCC?
Simplicity (Only several coefficients)

Smoothness
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Machine Learning

Unsupervised learning
Supervised learning

Semi-supervised learning



Unsupervised learning

Expectation maximization

E-step vs M-step



K-means

Original unclustered data Clustered data
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Supervised learning

Based on “labels”
Empirical vs General

Error minimization
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Neural nets

activation
functon

net input
net;

transfer
function

threshold




Musical Instruments Identification

Use audio recorded by ourselves

(_Af Q; (_Af Q; (Af g (Af g
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Why Mel-Filterbank?
A o u)%
Why DC'T?
SRR
WA (2 B AT S
Why dE.

Quick Recap



Conclusions

What’s next?
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Any Questions?



