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Sparse linear models

Dictionary:
Signal: x2 R™ D=[d,,...,dp]2RMXP
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(Olshausen and Field, 1997; Chen et al., 1999; Mallat, 1999; Elad and Aharon, 2006)
(Kavukcuogluet al., 2009; Wright et al., 2009; Yang et al., 09; Boureau et al., 2010)



Sparse coding and dictionary learning:
A hierarchy of optimization problems
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Important messages

A Patch-based approaches achieve state -of -the -
art results for manyimage processing tasks.

A A dictionary can be learned on the data of
Interest itself .

A Sparse coding is well adapted to data that
admit sparse representations .

A Sparse coding is only adapted to those.

A It is not compressed sensing( Candes d06



Outline

A Sparse linear models of image data
A Unsupervised dictionary learning

A Non-local sparse models for image
restoration

A Learning discriminative dictionaries for
iImage classification

A Task-driven dictionary learning and its
applications

A Ongoing work



Sparse coding

A The lo version:
mingl/2|x 0D®|,% +,

®

NP-hard, greedy approximate algorithms

A The |1 version:
mMingl/2|x 8D®|,2+, |®,

convex, exact algorithms



Finding your way in the sparse coding literature
IS not easy. The literature Is vast, redundant , sometimes
confusing and many papers are claiming victory .

The main classes of methods are:

A greedy procedures [Mallat and Zhang, 1993], [ Weisberg ,
1980],

A homotopy techniques [Osborne et al., 2000], [ Efron et al.,
2004] , [Markowitz, 1956 |,

A soft -thresholding -based methods [Fu, 1998], [ Daubechies
etal., 2004 ], [ Friedman et al., 2007], [ Nesterov , 2007],
[Beck and Teboulle, 2009 |,

A reweighted -B 2procedures [Daubechies et al., 2009 ],

A active -set methods [Roth and Fischer, 2008] .
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Matching Pursuit a = (0,0.24,0.65)




The |1 norm and sparsity




LARS (Efron et al., 2004)
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Dictionary learning

AGiven some loss function, e.g.,
L(X,D)= mingl/2|x 0D®|,%>+, |®;

AOne usually minimizes, given some data
X;, 1 =1, ..., n, the empirical risk:

ming f, (D) =1/n8, oLelX;, D)

ABut, one would really like to minimize the
expected one, that Is:

mingf(D)= E, [L(x, D)]

(Bottou& B o u s glu &toohdst® gradient descent)



Online sparse matrix factorization
(Mairal , Bach, Ponce Sapiro, | CMLOO9, .

Problem:
min,f(D)= E, [L(x,D) ]

MiN pyc ... ®né-1 oilolf{2 | x { 6D®, |,* +,

®f,]

Algorithm:
Iteratively draw one random training sample  x,
and minimize the quadratic surrogate function:

g (D)=1/t A, [H2|X ;OD® |2+, |®|,]

(Lars/Lasso for sparse coding, block -coordinate descent with warm
restarts for dictionary updates, mini  -batch extensions, etc.)
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Algorithm:
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Online sparse matrix factorization
(Mairal , Bach, Ponce Sapiro, | CMLOO9, .

Proposition:
Under mild assumptions, D, converges with
probability one to a stationary point of the

dictionary learning problem.

Proof Convergence of empirical pr o
a |la (Bottoudo98), convergence of qu
Extensions:

ANon negative matrix factc
ANon negative sparse codir
ASparse principal component analysis ( Jolliffe et
al . ddudt alZasc& 6ShashuaoO7;
doOAspremomatt . 008; Witten



Performance evaluation

Three datasets constructed fr
patches (1,000,000 for training, 250,000 for testing):

AA: 8 £8 b&w patches, 256 atoms.

AB: 12£16£3 color patches, 512 atoms.

AC: 16£16 b&w patches, 1024 atoms.

Two variants of our algorithm:

AOnline version with different choices of parameters.

ABatch version on different subsets of training data.

VS

VS stochastic
gradient descent
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Sparse PCA: Adding sparsity on the atoms

Three datasets:
AD: 2429 19 £19 images from MIT -CBCL #1.

AE: 2414 192£168 images from extended Yale B.
AF:100,00016£16 patches from Pascal
Three implementations:

AHoy eMallab i mpl ement ati on of NNM
AHoy eMadllab i mpl ement ati on of NNS
AOur C++/Matlab |mplementat|on of SPCA (elastlc net on D)

vsS NNMF

vS NNSC




Inpainting a 12MP image with a dictionary
learned from 7x10°6 patches in 500s
(Mairal et al., 2009)




State of the art in image  denoising

o ¢

AN\

Non-local means filtering
(Buadeset al . 005)

Dictionary learning for denoising (Elad& A har on o O ¢
Mairal,Elad & Sapi r o060 8)
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State of the art in image  denoising

d
Dabovet al . 0 Nonh-Jocal means filtering
(Buadeset al . 005)

BM3D (

Dictionary learning for denoising (Elad& A har on o O ¢
Mairal,Elad & Sapi r o060 8)
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Non-local sparse models for image restoration
(Mairal , Bach, Ponce, Sapiro, Zisserman, | CQV
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'%7 ”‘!- '%7 6 ?7 —16 17 66

3334 | 33.11 | 2 ;_ 62 | 3400 || 3376 | 33.98

31| 3099 | 31.58 | 32.05 || 31.72 | 31.99
2001 | 20.62 | 30.18 | 30.73 || 3029 | 30.60
28.84 | 2836 | 29.10 | 29.72 || 29.18 | 29.52
25.66 | 24.36 | 25.61 | 26.38 || 25.83 | 26.18
22.80 | 21.36 | 22.10 | 23.25 || 22.46 | 22.62

PSNR comparison between our method (LSSC) and Portilla et al

. 003
Roth & Bl ac&lhkd0 Ah[az2z ®]n;0 0 @adoviez2t] ;ala. nddd 7 [

8



Demosaicking experiments

3113 L4139 ||

PSNR comparison between our method (LSSC) and Gunturk et al . 6 0 2
Zhang & WuoOBalyedDL Ja;| .a@&r0d? [ L P ARhotoGhdata. h e






Learning discriminative dictionaries
with | constraints
(Mairal , Bach, Ponce, Sapiro, Zisserman, CVPR
a“(x,D) = Argmin | x - Da|,? s.t.|a], OL
a

* w2 Orthogonal matching pursuit
R(X1D):|X 6Dalz (Mallat & Zhango693, Tr

Reconstruction (MOD: Engan Aase, Hus oy 0
K-SVD: Aharon, Elad, Br uckst el no06
min &, R (x;,D)
D

min &;, G' [R*(x,Dy) , &(x,B)]+ | &R (x,,D;)

Dli éDm

(Both MOD and K -SVD versions with truncated Newton iterations.)



Texture classification results




Pixel-level classification results

Qualitative results, Graz 02 data
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Quantitative results

| VI
0.6 0.8 1.0
Pantofaru et al. (2006)
Tuytelaars & Schmid (2007).




Reconstructive vs discriminative dictionaries
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Learning discriminative dictionaries

with | constraints
(Mairal , Leordeanu, Bach, Hebert,

a“(x,D) = Argmin | x - Da|,2 s.t.|a]; O L
)

5 Lasso: Convex optimization
R*(X,D):l)( 6Da*|2 (LARS: Effon et al . 804)

Reconstruction (Lee, Battle, Rajat, NgoO7) :
rrg)in a, R(x,,D)

min a,lq' [R°(x;,Dyp , éx,.B)l+ 1 R (x,,D)

D, é,

(Partial dictionary update with Newtown iterations on the dual problem;
partial fast sparse coding with projected gradient descent.)



Patch classification with
learned dictionaries

ﬂ —> (Classifier 1 I—’

— ﬂ —> (Classifier 2 |—> \

d —> (Classifier 3

Signal input Subsampling Sparse coding

Llnear
classiﬁer

J




Edge detection results

Quantitative results on the Berkeley
segmentation dataset and benchmark
(Martin et al ., |
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0.70 (Maire et al., 2008)

0.67 (Aerbelaez, 2006)

0.66 (Dollar et al., 2006)
0.66 Us i no post-processing
0.65 (Martin et al., 2001)
0.57 Color gradient

0.43 Random
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Input edges

Bike edges Bottle edges  People edges

| | I?.“ i‘
AV
. Ul

Category | us + Ll6adoO
Aeroplane| 71.9% |61.9% |7
Boat 67.1% | 56.4%
Cat 82.6% 53.4%
Cow 68.7% 159.22%
Horse 76.0% 67%
Motorbike| 80.6% | 73.6%
Sheep 72.9% | 58.4%
[Tvmonitor| 87.7% | 83.8% |

¥
kg

|

Comparaison with Leordeanu et al. (2007) |!
on Pascal 607 Dbenchma
reduction: 33%. |




Task-driven dictionary learning
(Mairal , Bach, Ponce, P A

min W.,D f(W’D) — EX,y [L(y1 W’ a*( X, D ))] + Ewl F2

with a*(x,D) = Argmin |x - Da|,2 +é&la|,+I|a|,?
a

(Mairal et al . 608; Br a dBowepau e& Baal g.n6ell Ol ; 6 OYO:

A Applications: Regression, classification.

A Extensions: Learning linear transforms of the
Input data, semi -supervised learning.

A Proposition: Under mild assumptions, f is
differentiable, and its gradient can be written
In closed form as an expectation.

A Algorithm: Stochastic gradient descent.









Authentic

(Mairal, Bach, Ponce, 2010) Data courtesy of James Hughes & Daniel Rockmore
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Fake

Data courtesy of James Hughes & Daniel Rockmore
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Data courtesy of James Hughes & Daniel Rockmore



A common architecture for image
classification

Filtering |, J J

SIFT at keypoints dense gradients dense SIFT
Coding l, \1, l,
vector quantization vector quantization sparse coding

Pooling l, ‘1: ‘1'

whole image, mean coarse grid, mean | |spatial pyramid, max

| | |

ldea: Replace k-means by sparse coding (Yang et al.,
CVPROBOWeauet al ., CVPRO0O1lO0,
al ., CVPRO061O0) .



Learning dictionaries for image classification

(Boureau, LeCun Bach

Ponce,

Method

Caltech-101, 30 training examples

Average Pool

Max Pool

15 Scenes, 100 training examples
Average Poo Max Pool

Results with basic features, SIFT extracted each 8 pixels

Hard quantization, linear kernel 51.4 £0.9256] 64.3 £ 0.9]256] 73.9 £ 0.9 [1024] 80.1 £ 0.6 [1024)
Hard quantization, intersection kernel | 64.2 £ 1.0 [256] (1) 64.3 £ 0.9 [256] 808 £0.4[256](1)  80.1 £0.6[1024]
Soft quantization, linear kernel MO+ L5T1024]  69.0 £ 0.8 [256] 75.6 £ 0.5[1024] 81.4 +0.6[1024]
Soft quantization, intersection kernel | 66.1 £ 1.2 [512](2) 70.6 = 1.01024] 81.2£0.411024] (2) 83.0£0.7[1024]
Sparse codes, linear kernel 613+ 1.3[1024] BFLSZ LT H0241(3) | 76.9 £ 0.6 [1024] KA1 - (06 T1004]113)
Sparse codes, intersection kernel 703+ 1.371024] FEES = LO[1024144) | 83.2 + 0.4 [1024] 84.1 £ 0.5[1024] (4)

Single - feature

Boiman et al. [ /]

Jain et al. [V]
Lazebnik et al. [ 1]
van Gemert et al. [27]
Yang et al. [51]

Yang et al. [31]
Zhang et al. [37]
Zhou etal. [7]

Method Caltech 15 tr. Caltech 30 tr. Scenes
Nearest neighbor + spatial correspondence 65.0% 1.1 70.4

Fast image search for learned metrics 61.0 69.6 -

(1) SP + hard quantization + kernel SVM 56.4 64.4 £ 0.8 81.4+0.5
(2) SP + soft quantization + kernel SVM — 64.1+ 1.2 6.7+ 0.4

(3) SP + sparse codes + max pooling + linear SVM
(4) SP + sparse codes + max pooling + kernel SVM
ENN-SVM

SP + Gaussian mixture

67.0x 05 73.2x 0.5 80.3x0.9
60.4x1.0 — T7.7x0.7
59.1 £ 0.6 66.2 0.5

— 84.1 + 0.5

Scenes, supervised

dictionary learning

Ungup D18C1[1024]I

Unsup Discr[2048]

Linear
Intersect

83.6 = 0.4f 849 = 0.5
84.3 £ 0.5f 847 == 0.4

84.2 4+ 0.3 | 85:6 + 0.2
84.6 £ 0.4 85.1 0.5




Learning dictionaries for image classification

(Boureau, LeCun Bach, Ponce,

Method Caltech-101, 30 training examples 15 Scenes, 100 training examples

Average Pool Max Pool Average Poo Max Pool
Results with basic features, SIFT extracted each 8 pixels

Hard quantization, linear kernel 51.4 £0.9256] 64.3 £ 0.9]256] 73.9 £ 0.9 [1024] 80.1 £ 0.6 [1024)

Hard quantization, intersection kernel | 64.2 £ 1.0 [256] (1) 64.3 £ 0.9 [256] 808 £0.4[256](1)  80.1 £0.6[1024]
Soft quantization, linear kernel MO+ L5T1024]  69.0 £ 0.8 [256] 75.6 £0.5[1024] 814+ 0.6 [1024]
Soft quantization, intersection kernel | 66.1 £ 1.2 [512](2) 70.6 = 1.01024] 81.2£0.411024] (2) 83.0£0.7[1024]
Sparse codes, linear kernel 613+ 1.3[1024] BFLSZ LT H0241(3) | 76.9 £ 0.6 [1024] KA1 - (06 T1004]113)
Sparse codes, intersection kernel 703+ 13[1024] FEESE L0 0240 (3) | 83.2 + 0.4 [1024] 84.1 £ 0.5[1024] (4)

Yang et al. (2009) have won the 2009
Pascal VOC challengewith this type of

technique.

Scenes, supervised Unsup  Discr[1024] Unsup  Discr[2048]
Senes, SiEn Lincar | 83.6 £ 0. ANSA0 0 | 54.2 + 0.3 |S5I6-E02
clafonely [eaniig Intersect | 84.3 + 0.5, 840 £ 0.4 [84.6+04 85.1£05




Non-blind deblurring (Couzinie-Devy, Mairal , Bach, Ponce,2011)

PSNR input image

[Rich :
|Sparse

| SA-DCT

|BM3D 8.3
T 33

| Linear + Di




Non-blind deblurring (Couzinie-Devy, Mairal , Bach, Ponce,2011)

10.67

Anisotropic (motion 663

blur) kernels
(Levin et al., 2009)

Ours 05210037 .62



. Blur+noise 26.3 Wiener 29.6 "

- e Ca

Image courtesy of J. -L. Starck



Digital zoom (Couzinie-Devy, Mairal , Bach, Ponce,2011)

Cubic spline|Yang et al. [28]

Lena || 3L.91 | 32.13 / 33.06
Gl || 3144 | 31.48 / 31.93
Flower| 3843 | 38.69 / 39.59




Digital Zoom



(Fattal, 2007)
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(Couzinie-Devy et al., 2011)



(Glasner et al., 2009) (Couzinie-Devy et al., 2011)



Learning to estimate
and remove
non-uniform

iImage blur

(Couzinie-Devy et al., 2012)




Inverse halftoning
(Mairal , Bach, Ponce, 2010)

........



Inverse halftoning
(Mairal , Bach, Ponce, 2010)
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