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Application: Audio Fingerprinting

I Spectrogram is reduced to prominent time-frequency locations

I Constellations are robust against noise and outliers



Matrix Decompositions

X : n⇥ d data matrix

factors W : n⇥ k, and Z : n⇥ k

min
W,Z

||X �WZT ||2F

I can be solved by Singular Value Decomposition X = U⌃V T

I optimal WZT = U1:k⌃1:kV T
1:k

I Principal Component Analysis basis: V1:k
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Principal Component Analysis
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Application: Arrhythmia Detection



Application: Arrhythmia Detection



Application: Arrhythmia Detection

Q. Qin et al., Nature Scientific Reports



Nonnegative Matrix Factorization

X : n⇥ d data matrix

min
W�0,Z�0

||X �WZ||2F

I non-negative data

I pixel values, energies, counts are non-negative valued



Nonnegative Matrix Factorization

I PCA and Fisher’s LDA basis vectors are hard to interpret



Nonnegative Matrix Factorization

X : n⇥ d data matrix

min
W�0,Z�0

||X �WZ||2F

I No closed form solution!

I Solution is not unique: X = WDD�1Z = WZ

I Heuristic algorithm:

W  argminW ||X �WZ||F = XZ†, W  (W )+

Z  argminZ ||X �WZ||F = W †X, Z  (Z)+

iterate
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Nonnegative Matrix Factorization

min
W�0,Z�0

||X �WZ||2F implies X ⇡WZ

I Spectrogram model: columns of W contain frequencies (e.g.
musical notes), rows of Z contain time information



Nonnegative Matrix Factorization for Images

min
W�0,Z�0

||X �WZ||2F implies X ⇡WZ



Dictionary Learning

min
x1,...xn,D

nX

i=1

kDxi � yik22 s.t. ||xi||0  s

I Matrix factorization interpretation:

DX ⇡ Y where X has sparse columns
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Dictionary Learning : `1 relaxation

min
x1,...xn,D

nX

i=1

kDxi � yik22 + �||xi||1

I heuristic algorithm

minimize over xi : `1 regularized Least Squares problem

gradient descent step over D:

D  D � µ
P

i(Dxi � yi)xTi
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Learned Dictionaries from Images

min
x1,...xn,D

nX

i=1

kDxi � yik22 + �||xi||1



Dictionary Learning vs Deep Learning
I Dictionary learning

I Alexnet: Convolutional net for image classification



Dictionary Learning Applications
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Other SP/ML methods

I Independent Component Analysis

I Autoencoders

I Recurrent Neural Nets

I Manifold learning methods (e.g., Laplacian Eigenmaps,
Isomap)

I Tensor Decompositions (e.g. Tensor Principal Component
Analysis)

I Latent and Mixture Models (Hidden Markov Models, Low
rank models)

I Bayesian Methods

I State Space Models and tracking (e.g., Kalman filter)


