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Introduction

ECE

e Sparse representations: simple models,
interpretable dictionary elements and sparse
coefficients.

e Applications: Image denosing, inpainting, and
compressive sensing.

o “Off-the-shelf” bases/dictionaries.

e Over-complete dictionary matched to the signals
of interest may improve performance.
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Introduction: sparse coding

e Objective function:
Given D € RF*K and = € R
min ||wl|o  subject to ||z — Dw]||2 < ¢
w
e Exact solution: a NP-hard problem

e Approximate solutions:

> Greedy algorithms (OMP)
> Convex relaxation approaches (Lars, Lasso, BCS)

e Sparse representation under an appropriate
dictionary: data recovery
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Introduction: dictionary learning

o “Off-the-shelf” bases/dictionaries

> DFT, DCT, Wavelet
> Simple, fast computation

e Dictionaries adapted to the data under test

> Improved performance
> Better interpretation
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Dictionary Learning: General Approach

* Global objective function
in{ — | subjec ) Al < 1
]1:1)1115%{HX DW||} subject to Vi, ||w;]||o < T

e Sparse coding stage (fix the dictionary)

min ||w;|[o  subject to ||x; — Dw;||3 < Co?

2

or 1]5;1 |z, — Dw,||3 subject to ||w;||o < Tp
e Dictionary :deate stage
> Method of optimal direction, MOD (fix the sparse codes):
D=XW/(Ww)!
> K-SVD (fix the sparsity pattern, rank-1 approximation):

dw,. ~X — Zd w;
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Dictionary Learning: Restrictions and solutions DUKE

ECE

e Restrictions of previous dictionary learning approaches:
> The noise variance or sparsity level are assumed to be known.
> The size of the dictionary need to be set a priori.
> Only point estimates are provided.

e How to relax these restrictions?

> Introduce a non-parametric Bayesian dictionary learning
approach.

> Use sparsity promoting priors instead of enforcing the sparsity
level/noise variance.

> Preset a large dictionary size and let the data itself infer an
appropriate dictionary size.
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Dictionary Learning with Beta process Priors

ECE

e Representation (naive form):
xz, = Dz, + €; D =[di.ds, - ,dg]

e Beta process formulation:

K
= mda (d) dy. ~ Hy
k=1

T Be’[a(_ﬁl-o/ir{«. E}D(I{ o J‘)/}-{)

H ~ BP({I-Q_, bo, Ho)

e Binary weights:
2. ~ Bernoulli(7,,)

e Representation (with pseudo weights):

xr; — Dwi -+ €, w; — =; " S; S; ~ \ (“ ﬁ_lIf‘L)
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Hierarchical model

e Data are fully observed

x; = Dw, +e¢ m ~ Beta(ay/K,bo(K —1)/K)
w, = zZ; ',' S; S; o~ .,-"I\IF(U, ,-}S_IIPL)
d, ~ N(0,P '1p) e ~ N(0,7 'Ip)
K
zZ; ~ HBernoulli(m) ¥s ~ Tlco, do)
h=1 Ve ~ I'(eo, fo)

e Data are partially observed
Y, = 2;x;

T
SE =Tz 1Z o = 152 o = 130
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Hierarchical model

e Full likelihood

P%j{?EJ?IL;Z:S:7rUTm’ﬁ)

N
= [N(y: ZiD(s: © 2:0), 97 sy o) N (810,97 )
=1

K
[ [V (di: 0, P~ 1p) Beta(m; ag, bo)
k=1

N K
H H Bernoulli(z;.: m.)

1=1 k=1

F(’}’s; Co, do)r(’}’e; €0, fo)

e Gibbs Sampling Inference
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Model comparison

e MOD
two stages: dictionary learning, sparse coding.
e K-SVD

two stages: dictionary learning (enforced sparsity
pattern), sparse coding.

e Dictionary learning with beta process priors

three stages: dictionary learning (enforced sparsity
pattern), sparsity pattern update, pseudo weights update.

e The three models have apparent differences in the level
of exploiting previous obtained information.
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Sequential learning for large data sets

e Partitioning the whole date set to be
D =Dy uUuDyU... Dy UD;

Instead of directly calculating
p(D|D, ©)

we first calculate
p(D|T)1, E'}\,l

The posterior is then used as prior for D for calculating

p(D|D; U D,, ©)
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Non-Parametric Bayesian Dictionary Learning DUKE

ECE

* The noise variance/sparsity level need not be known.
e The dictionary size is automatically inferred.
e Training data are not required.

e The average sparsity level of the representation is
inferred from the data itself, and based on the
posterior, each sample @; has its own unique sparse
representation.

e Asingle model applicable for gray-scale, RGB, and
hyperspectral image denoising & inpainting.
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Image denoising

o=15
o =325
o = 50

Noisy image

KSVD Denoising KSVD Denoising
mismatched variance matched variance

BPFA Denoising

Dictionaries

Original Noisy
Image (dB)

K-SVD Denoising
mismatched variance (dB)

K-SVD Denoising
matched variance (dB)

Beta Process
Denoising (dB)

24.58 30.67 34.32 34.52
20.19 31.52 32.15 32.19
14.56 19.60 27.95 27.95
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Image inpainting DUKE

— ECE
80% Pixels Missing

Corrupted image Original image Restored image Dictionary

50% Pixels Missing

Corrupted image Original image
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PSNR

RGB image inpainting

e 480*321 RGB image, 80% missing

Corrupted image Restored image Original image

Learning round

Dictionary
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RGB image inpainting

Original image
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Hyperspectral image inpainting

150*150*210 hyperspectral urban image
95% missing

Corrupted image, 10.9475dB Restored image,25.8839dB Original image

spectral band_1

spectral band_100
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Hyperspectral image inpainting

845*512*106 hyperspectral image
98% missing
Spectral band 50 Spectral band 90
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Relative Reconstruction Error

Compressive sensing

ECE

Image size: 480 by 320, 2400 8 by 8 patches
153600 coefficients are estimated

DCT Learned Dictionary
—¥— PSBP BP
0.5‘ T T T T T T T PSBP BP T T T T T T T _e_ DP BP
‘1“ —— EE BP 0.3 —+— Online BP
—8—BP
0.45| —~&—BCS —~£—BCS
FastBCS 0.25 Fast BCS
0.4 #— Basis Pursuit —%— Basis Pursuit
: LARS/Lasso LARS/Lasso
—<4—ompP 0.2 —&4—omP
0.35L —#— STOMP-CFAR —&%— STOMP-CFAR

0.3~

0258 | 0.1-

Relative Reconstruction Error

02l 0.05+

| | | | | | | O | | | | | | | | | |
3 3.5 4 4.5 5 5.5 6 6.5 7 7.5 3 3.5 4 4.5 5 55 6 6.5 7 7.5
Number of Measurements X 104 Number of Measurements X 104
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Conclusions

ECE

e Non-parametric Bayesian dictionary learning.

e Gray-scale, RGB, and hyperspectral Image
denoising, inpainting, and compressive sensing.

e Automatically inferred dictionary size, noise
variance and sparsity level.

e Dictionary learning and data reconstruction on
the data under test.

e A generative approach for data recovery from
redundant noisy and incomplete observations.
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