Sparse coding

Recognition Surveillance Search and Ranking  Bioinformatics

The curse of dimensionality:
...Increasingly demand inference with limited samples for very high-
dimensional data.

The blessing of dimensionality:
... real data highly concentrate on low-dimensional, sparse, or degenerate
structures in the high-dimensional space.

But nothing is free: Gross errors and irrelevant measurements are now
ubiquitous in massive cheap data.
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Sparse coding

3

7 5 4

N

REL M TTEA : Ar =1 HE

XHEXINAI R : bode ||z]|o(x P JE B AE 69 AN AT 88 )

- i

B[ sk A an B LA a) % -

min  ||z|],,

C O | LY

subject to Ar =uy.

Sparse representation 4/
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Sparse coding
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Sparse coding
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Two interpretations:

« Compressed sensing: A as sensing matrix

e Sparse representation: A as overcomplete dictionary
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Sparse coding

The Sparse Decomposition Problem

1
min —Hx—Da:HZ +  \(a)

acRP N’
\l_.v_/ sSD: . . . )
L parsity-inducing
data fitting term regularization
i induces sparsity in . |t can be

o the (o “pseudo-norm”. |le|lo = #{i s.t. «[i] # 0} (NP-hard)
o the /1 norm. ||al|; = P, |ai]| (convex)
o ...

This is a selection problem.
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Optimization for sparse coding

SKARAE S i o3 i B AL 5] R
© Greedy Algorithms

© Homotopy and LARS

© Soft-thresholding based optimization
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Optimization for sparse coding — Greedy Algorithms

Matching Pursuit BIRFHREREMRERE K FHRR T,
DL IR B dm i T 2 .

min |[x — D3 st |[aljo <L
ackP “'-—-::-—-"'
1: o — 0
2: r — X (residual).
3: while ||allp < L do
4 Select the atom with maximum correlation with the residual

7 < arg max d,_-rr
iI=1,....p

5. Update the residual and the codfficients

ali] — afi]+dr
r — r—(d/r)d;

6: end while
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Optimization for sparse coding — Greedy Algorithms

Orthogonal Matching Pursuit TR T TR RE S B A Mk
/I H BR BR B 7 LR T
min ||x — Da||3 s.t. ||allo < L A BT, I

ke P IEAT L BBk 2= -

1: [ =0.
2: for iter=1,.... L do
3:  Select the atom which most reduces the objective

7 < argmin {mi’n x — Dy’ %}

ierc o

oy

Update the active set: [ — ' U {7}.
Update the residual (orthogonal projection)

r — (I — Dr(D/ Dr)~ D/ )x.

ot

6: Update the coefficients
ar — (D Dr)~'D/ x.

7: end for
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Optimization for sparse coding — Greedy Algorithms

Lasso

Nonsmooth optimization

Directional derivatives and subgradients are useful tools for studying
{1-decomposition problems:

1
min =||x — Dal[3 + \|al1
a=RP

In this tutorial, we use the directional derivatives to derive simple
optimality conditions of the Lasso.

A3%1-1 norm regularization, BIEXSFIKEBIMELH -
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Optimization for sparse coding — Homotopy and LARS

DA% B H 3135 AR AN B H 31 A

1 .
min ||y — Azl + A=y

BIENAEINAE b Binice ) R, Ulpiecewise linear,
piecewise quadratic, Bfobjective functionf A HJo Bz R
B, XBTEEW LT R SRAE
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Optimization for sparse coding — Soft-thresholding
g B H 3% DA BIH T A, AR R MpiAk iH) &

1 :
min E”f’j’ — Ax||5 4+ M|z
L

@ For this specific problem, coordinate descent is convergent.

@ Supposing ||d;||2 = 1, updating the coordinate i:

. 1 . .
afi] — arg min |/ x — Z a|j]d; —Bdi||3 + \|3

5]
| JFI
r

— sign(d]r)(|d]r| — \)T
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Dictionary learning
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Recent advances in Computer Vision

Learning Codebooks for Image Classification

Filtering l l l

SIFT at keypoints dense gradients dense SIFT
Coding l , I
vector quantization vector quantization sparse coding
Pooling | !
whole image, mean coarse grid, mean spatial pyramid, max

l l l

ldea

Replacing Vector Quantization by Learned Dictionaries!
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Recent advances in Computer Vision

Learning Codebooks for Image Classification

Let an image be represented by a set of low-level descriptors x; at N
locations identified with their indices i = 1..... N.

@ hard-quantization:

p
xj ~ Daj, «a;<{0,1}P and Z ailjl] =1

j=1
@ soft-quantization:
_ o—BlIxi—djll3
G:f[]] - ZE:1 e_!'3||x:'—dk||%
@ sparse coding:
1 2
xj ~ Da;. « = argﬂmm 5 lIxi = Da||5 + A||al1
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Recent advances in Computer Vision
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Recent advances in Computer Vision

Learning Codebooks for Image Classification
Table from Boureau et al. [2010]

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

Average Pool Max Pool Average Pool Max Pool

Results with basic features, SIFT extracted each 8 pixels
Hard quantization, linear kernel 51.4 + 0.9 [256] 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] 80.8 £ 0.4 [236](1) 80.1 £ 0.6 [1024]
Soft quantization, lincar kernel 57.9 1+ 1.5[1024] 69.0 £+ 0.8 [256] 5.6 £ 0.5 [1024] 81.4 + 0.6 [1024]
Soft quantization, intersection kernel | 66.1 £ 1.2 [512](2) 70.6 = 1.0 [1024] 1.2+ 04 [1024] (2) #3.0+0.7[1024]
Sparse codes, linear kernel e g m +1.1[1024](3) | 769 =006 | ]U"’ullm
Sparse codes, intersection kernel 203 4 1.3 [1024] TLE+1.0[1024](4) | 83.2 £ 0.4 [1024] 84, IW>
e EERERERERERERERETEE——————
Results with macrofeatures and denser SIFT sampling

Hard quantization, linear kernel 55.6 £ 1.6 [256] 70.9 £ 1.0 [1024] 74.0 £ 0.5 [1024] 80.1 + 0.5 [1024]
Hard quantization, intersection kernel | 65,8 = 1.4 [512] 709 + 1.0 [1024] 81.0 £ 0.5 [1024] 30.1 £ 0.5 [1024]
Soft quantization, lincar kernel 61.6 + 1.6[1024] 71.5 £ 1.0 [1024] 76.4 + 0.7 [1024] 81.5 = 0.4 [1024]
Soft quantization, intersection kernel | 70.1 £+ 1.3 [ 1024 732+ 1.0[1024] H1.8 4+ 0.4 [1024] 853.0 4+ 0.4 [1024]
Sparse codes, linear kernel T 1 1024] 75.1 0.9 [1024] 78.2 £ 0.7 [1024] 85.0 = 0. T TO 2 —]
Sparse codes, intersection kernel ——t 1.3 [1024] 5.7 £ 1.1[1024] 83.5 £ 0.4 [1024] 84.3 + 0.5 2 D
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Recent advances in Computer Vision

Structured sparsity
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Recent advances in Computer Vision

Structured sparsity
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Recent advances in Computer Vision

Structured sparsity
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Recent advances in Computer Vision

Structured sparsity
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& Sparse representation
— Sparse coding
— Optimization for sparse coding
— Dictionary learning for signal reconstruction
— Recent advances in Computer Vision

& Sparse methods on matrices
— Matrix completion (pLSA, collaborative filtering)
— Matrix factorization (topic model, LDA, low-rank)
— Some applications



Matrix reconstruction
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Matrix completion
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Matrix completion
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Matrix completion

Algorithm FiA 2

| 1. AR
Singular Value min 7| X[« + B) 1 X |7, Jr1) )

Thresholding AL
subject to  Po(X) = Po(M), SURAE

&
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A
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http://www.acm.caltech.edu/~emmanuel/papers/SVT.pdf
http://perception.csl.uiuc.edu/matrix-rank/Files/rpca_algorithms.pdf
http://perception.csl.uiuc.edu/matrix-rank/Files/Lin09-MP.pdf

Matrix factorization
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Matrix factorization

Algorithm
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http://perception.csl.uiuc.edu/matrix-rank/Files/rpca_algorithms.pdf
http://perception.csl.uiuc.edu/matrix-rank/Files/Lin09-MP.pdf

Some applications
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Some applications
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http://www.cvchina.info/wp-content/uploads/2010/06/cfilter.jpg

Some applications
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Some applications

> i Singular Value Decomposition

» For an arbitrary matrix X there exists a factorization (Singular
Value Decomposition = SVD) as follows:

X=UzV!errm

» Where / I \

() UERMK yeRlk | eRmxk

. (i) UU=I V'V =1 comns
o L Singular
() 3 = diag(oi,...,0%), 0; = 0441 values

(ordered)

= (iv) k =rank(X)

Sparse methods on matrices
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Some applications

Latent Semantic Analysis (Indexing)

» The LSA via SVD can be summarized as follows:

documents —»
>, - ... I LSAterm

: : >4 - I E " _8 vectors
W —
|

ﬂ T30 2 4 H B
PEIE LS ), iR

terms LSA document ¥ = XU

vectors

» Document similarity < I ’I >
\ —1
q = Ek Vfcq

» Folding-in queries

M. Berry, S. Dumais, and G. O'Brien. Using linear algebra for intelligent information retrieval. SIAM Review, 37(4):573-595,
1995




Some applications
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http://images.cnblogs.com/cnblogs_com/LeftNotEasy/201101/201101192226389491.png
http://images.cnblogs.com/cnblogs_com/LeftNotEasy/201101/20110119222640769.png

Some applications
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Some applications

Extension 2: -

Topic Models for Images ot

d

“beach”

Filr

L&tent Dirichjet Allocation (LDA)

Fei-Fei et al. ICCV 2005

Eric Xing & Eric Xing 0 CMU, 3008-2000
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Some applications
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Some applications — Background modeling from video

Static camera
surveillance video Video D Low-rank appx. A Sparse error E/

200 frames,
72 x 88 pixels,

Significant foreground
motion
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APPLICATIONS - 2D image matching and 3D modeling
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Some applications — Document analysis

* Web document corpus analysis [Min et al.]
|A||l« + A||E||1 subj D=A+ E, E > 0.

min

— D: tf-idf matrix, 42186 x 18320, 90.3h on an HPC cluster

~iolx|
Tems in Matrix A I
FE gk FE W g | FEEEE3 A 300/ (RARIRE) KR
B = [P Ez T FAE 3 O BREM LSt RAuTEE s b
. g gﬁ jg @Eﬂ T AR EM S E T, IS R, F
e s om | [EAUEE)SEREEISIIRID O%, HAHHIF A
i -mf El ;5_;15_' Hig EH’KE’&E*—HEI = EE a‘i]ﬂ.li‘%' o )
FELE LSRR BARBR BRI
e aseste g, STaEHL LRS- BT
Tems in Matrix E- m—g\o j‘t%ﬁlu%% 19 Sj;ﬂzﬁlggj%mgﬂft: %
e ZEESCAERERN 2 | AT sk,
2ty Rh. BE O E lmmmmmsnesEns o, AoBET LS
== Ba SHEiaRATAE S 4 o, BRMT T O3, Bl
BERS (5% ABIT L IS R EHIE R
T.OEARE. EARE. b TR
Fo{E, H—INeE [ ERETHREEN.
£8iFTTT, DERMT=EMGEMT. B, -
(o T
| Decomposs Exit
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THE BIG PICTURE - Connection between rank and sparsity

Sparse Vector Low-Rank Matrix
Degeneracy of individual signal a batch of signals
Measure LO norm Rank
Convex Surrogate L1 norm Nuclear norm
Compressed Sensing y = AX Y=A(X)
Error Correction y=Ax+e Y=AX)+E
Sparsity-Rank Tradeoff Y=A(X)+B(E) +Z

Sparse methods on matrices
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