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Image classification pipeline

Bag-of-Visual-Words (BoVW) Model

Bag of Visual Words (BoW)
tei @ 1997 BoW on color features [Ma97]

[ featurespace s
2001 BoW on Gabor features [Fournier01]
2003-4 BoW on SIFT [Csurka0A]

2006 Spatial Information [Lazebnik06]

I
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2009- Soft-assignement, sparse coding, max

li Wang10] [B 10
Credit : Prof. Shih-Fu Chang ~ P°°'"8 [Weng10] [Boureaul0]

[Ma97] WY. Ma, BS Manjunath. Netra : A toolbox for navigating large image databases, IEEE ICIP97

[Fournier01] J. Fournier, M. Cord, S Philipp. Retin : A content-based image indexing and retrieval system, PAAO1
[Lazebnik06] P.Lazebnik.S, Schmid.C. Beyond bags of features : Spatial pyramid matching for recognizing natural scene
categories CVPR2006.

[BoureaulQ]Y.-L. Boureau, F. Bach, Y. LeCun, and J. Ponce. Learning mid-level features for recognition CVPR2010.
[Wang10]J. Wang, J. Yang, K. Yu, F. Lv, T. Huang, Locality-constrained linear coding for image classification CVPR10.
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Image classification : BoW structure

Coding/Pooling
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e.g. SIFT

Credit : K. Chatfield
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BoW Model

X =(x1,...,%j,...,xn) the set of local descriptors (SIFT) for the image

C=(c1,.--,Cm--.,Cm) the visual dictionary
X1 X XN
Cy N... o
1,1 1, g N
H = Cp | Gmi - Qmy: G N | = g pooling
ey LOQara o @ QN

f:ecoding
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BoW Model

X =(x1,...,Xj,...,xn) the set of local descriptors (SIFT) for the image
C=(c1,.--,Cm,---,Cm) the visual dictionary

X1 Xj XN
€Ty oflan; |- ain
H = ¢, | @mi1 @l @mn | = g pooling
cy Loara-|amg)-- anwn
i

f:ecoding

Coding : x; — f(x;) = {am,}, amj=1iff m= argmin |x; — c||3
ke{1,...,M}
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BoW model BoW representation

BoW Model

X =(x1,...,%j,...,xn) the set of local descriptors (SIFT) for the image
C=(c1,.--,Cm--.,Cm) the visual dictionary

X1 X XN
€l T ey - @y ann
H = |Cn | QGma o Gy o G N | [ g0 pooling

cy LQart - @arg -

U
f:ecoding

QaLN

Coding : x; = f(x;) = {am;}, am;=1iff m= argmin |x; —c||3

N ke{l,...,M}
Pooling : g({aj}) =2z: Vm, zp, = E O j
j=1
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BoW Model

X =(x1,...,%j,...,xn) the set of local descriptors (SIFT) for the image
C=(c1,.--,Cm--.,Cm) the visual dictionary

X1 X XN
Ct rayy--légy - on
H = Cp | Gmi - Qmy: G N | = g pooling

CA/ Qapr ot Mgttt GMON

U
f:ecoding

Coding : x; = f(x;) = {am;}, am;=1iff m= argmin |x; —c||3
ke{l,...,M}

N
Pooling : g({aj}) =2z: Vm, zp, = Za’"’f
j=1

BoW representation : z = [z, 25, -+ ,zm]"
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Image classification : other approaches

Biologically-inspired Methods [Fidler08, Serre07, Mutch08]

@ Mimics feedforward properties of primate visual
cortex V1 simple cells

@ Based on the HMAX model [Serre07, Mutch08]

o @ Deep models
e @ Trainable with real images

[Fidler08]S. Fidler, B. Boben, and A. Leonardis. Similarity-based cross-layered hierarchical representation for object
categorization CVPR2008.

[Serre07] T. Serre, et.al, Robust object recognition with cortex-like mechanisms, PAMI, 2007.

[Mutch08] Mutch.J and Lowe.D.G, Object class recognition and localization using sparse features with limited receptive fields,
1JCV, 2008
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Image classification : other approaches

Biologically-inspired Methods

L1

L3 L4

Fi

Max Max Fa

Fllterlng selectlon Filtering selection
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Image classification
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Image classification : other approaches

Biologically—inspired Methods
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Image classification : other approaches

Biologically—inspired Methods

L3 L4
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Image classification : other approaches
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Image classification : other approaches

Biologically—inspired Methods
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Image classification : other approaches

Biologically—inspired Methods
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Image classification : other approaches

Biologically—inspired Methods
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Image classification : other approaches

Biologically-inspired Methods

L1 L2
L3 L4
Fi
g1 Max Max Fa
M Filtering selection Filtering selection
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Image classification
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Image classification : other approaches

Biologically-inspired Methods
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Image classification : other approaches

Biologically-inspired Methods
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Image classification : other approaches

Biologically-inspired Methods

L1 L2
L3 L4
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in Max Max Fa
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Image classification : other approaches

Biologically-inspired Methods
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Image classification : other approaches

Biologically-inspired Methods
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BoW model BoW representation

Image classification : other approaches

HMAX model extensions [Theriault11,13]
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[Theriault11] C.Theriault, N. Thome, M. Cord. HMAX-S : Deep scale representation for biologically inspired image
categorization Theriault et al. IEEE ICIP11
[Theriault13] Extended Coding and Pooling in the HMAX Model, IEEE trans. on Image Processing, 2013
y
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Image classification : other approaches

Deep Networks

e Convolutional networks : [LeCun PhD], improvements [Jarrett09,
Lee09]

24@6x6 Fully
1Q0 connected

2@96x96
4 (SOOSWCightS)
v
v
5X5 ) 5 : 6x6
convolution subsampling e i Xl; i convolution
96 kernels subsamplin,

(16 kernels) (OLEe2h) 5400 kernels)

@ Deep Convolutional Neural Networks for large dataset : ImageNet
2012 challenge winner

[Jarrett09]K. Jarrett, K. Kavukcuoglu, M. Ranzato, and Y. LeCun. What is the best multi-stage architecture for object
recognition ? In Proc ICCV2009.

[Lee09]H. Lee, R. Grosse, R. Ranganath, and A. Y. Ng. Convolutional deep belief networks for scalable unsupervised learning of
hierarchical representations. ICML2009

Krizhevsky, A., Sutskever, |. and Hinton, G. E. NIPS 2012

v
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Performance evaluation on Caltech101

Average accuracy results

\ 15 images \ 30 images
Bow-like architectures
[Lazebnik&al CVPRO6] 56.4 64.6
[Yang&al CVPRO09] sparse coding 67.0 73.2

Hierarchical and biologically inspired architectures

[Mutch&al 1JCV08]
[Kavukcuoglu&al NIPS10]
[Zeiler&al CVPR2010]
[Theriault&al ICIP11]

51

58.6
60.1 + 0.2 %

56

66.3

66.9
69.0 + 0.8%

BoW extensions :

@ Parametrization, pipeline optimization

@ Extended coding, pooling

Matthieu.cord@lip6.fr
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Optimization of the BoW pipeline

[Chatfield BMVC11] [Law workshop ECCV12]

@ Parametrization : find the Winner Cocktail
e SR : Sampling Rate = gap between centers of patches (pixels)
e Mono/Multi scale SIFT detection
e Dictionary size
o Normalization

i Low level Feature i ‘ Mid level Feature Extraction Normalization and Classification
Extraction ! :

| Feature Spatial Pyramids & SVM
| Coding Menx-Pooling Normalization Classifier
Local . Feature Image — et Normalized Category
Features Codes Signature Data Label
(SIFT) 9 :

‘€LYisual Dictionary .

F1GURE: BoW pipeline for classification
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BoW model BoW parametrization

] SR \ Scaling \ Codebook Size

Accuracy (no norm) | Acc. (¢2-norm) |

8 | mono 800 70.07 £ 0.96 70.46 = 1.04
6 | mono 800 71.64 +0.99 72.01 +0.96
3 | mono 800 72.45 + 1.05 72.73 +£0.99
8 | mono 1700 71.67 £0.93 71.9540.90
8 | mono 3300 72.134+0.99 72.50 4+ 0.97
8 | multi 800 73.354+0.89 73.83 +0.96
8 | multi 1700 75.34 £0.92 75.97 +0.86
8 | multi 3300 76.91 +0.98 77.02 +0.94
3 | multi 800 73.81 +0.95 73.99 4+ 0.86
3 | multi 1700 75.72 £1.13 76.00 = 0.94
3 | multi 3300 77.23 +£1.02 77.47 +£0.99
3 | multi 6500 78.00 £ 1.05 78.46 +0.95

TABLE: Classification results on Caltech-101 with 30 training images per class

SR : Sampling Rate = gap between centers of patches (pixels)
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BoW model BoW parametrization

Optimization of the BoW pipeline

@ Impact of BoW parameters

on PASCAL VOC 2007 and Caltech-101

Method

codebook size

256 600 1500 2000 4000 8000
(a) FK Lin 77.78 £ 0.56 - - - - -
(b) LLC Lin - 73.10 £1.09 74.84 +0.67 75.75 £0.71 76.15+0.59 76.95 + 0.39
(¢c) LLC Chi - 72.30 £1.08 7423 +0.62 7524 £0.71 75.95+0.57 76.62 + 0.61
(d)VvVQ  Chi - 72.65 £0.77 73.62+0.51 7393 £0.79 7441+ 1.04 74.23 + 0.65
(e) KCB Chi - 73.38 £0.65 7524 +0.63 75.50 £0.65 75.92+0.63 75.93 +0.57
FIGURE: Classification results on the Caltech-101 Dataset. FK : Fisher Kernel,

LLC : Locality-constrained linear Coding, KCB : Kernel Codebook, VQ : baseline

Vector Quantiz. method

o Ultradense sampling (~ 50,000 features/image)
@ Fisher Vector Size : 21 x 2DK ~ 21 x 40,000 ~ 850, 000 elements
e VLAD [Jégou&al CVPR 2010] and VLAT [Picard&Gosselin ICIP 2011]
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BoW model BoW parametrization

Conclusion

[Law ECCVw 2012] |

Cal-101 |  Sc-15
Sampling Rate X X
Scaling XXX X
Codebook Size | XXX XXX
Normalization X X

TABLE: Importance of parameters

@ Huge performance difference according to the chain parameter tuning

o the devil is in the (parameter) details ... (Chatfield's title)

@ Fair comparisons : implementation details

@ Sampling rate more important in mono-scale setup

Matthieu.cord@lip6.fr
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BoW Extensions/Improvements

e Spatial Pyramid Matching [Lazebnik et al., 2006]
Max pooling [Yang et al., 2009]

Soft assignment [Gemert et al., 2010]

LLC [Wang et al., 2010]

VLAD [Jégou et al., 2010]

Super-Vector Coding [Zhou et al., 2010]

Fisher Vector [Perronnin et al., 2010]

Spatial Fisher Vector [Krapac et al., 2011]

VLAT [Picard et al., 2011]

Compact VLAT [Negrel et al., 2012]
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Outline

© Pooling
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Pooling Pooling extension

Pooling extension : Spatial Pyramid [Lazebnik et al., 2006]

Spatial pooling

€1
H = c¢n [E27N |

en § M

P, N

M, N

[ cooding

= g: pooling

Clusters for pooling in feature space [Boureau et al. ICCV 2011]
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Pooling extension

@ Pooling operator : averaging, max, Lp norm

@ Learning in spatial pooling : spatial weight learned per visual word
[Feng CVPR 2011] => supervised techniques (to learn classifiers and
parts of the representation)

@ A more information-preserving pooling operation : a
distance-to-codeword distribution (BossaNova model)

Our Pooling

~m

- I BoW Pooling

N
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BossaNova Model (PhD's work of Sandra Avila)

Pooling Formalism
g: RV — RB

Om — g(am)zzm

b b+1
Zmp = card (xj | amj € [B 5 D
b ; b+1
B >ap" and % < ap

B : number of bins of each histogram z,,, and [a/™"; o] distance range )
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Pooling BossaNova

BossaNova Representation

>
~m

Power normalization
i | x5 €07 = 2y

+
(y-normalization

A‘\'m = ZJ Qmj

M x (B+1)

W N ad

Zm + SN,
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Pooling BossaNova

BossaNova Representation

BossaNova (BN) Parameters §

e B (number of bins) : {2, 4, 6, 8,
10}

amin {0, 0.6}

amax : {1.5, 2.0}

s (cross weight) : {107%;1}

M (codebook) : {128; 8192}

Fisher Vector / BossaNova
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Pooling BossaNova

Experimental Results

@ Implemented methods : Bag-of-Words (BoW), Fisher Vector (FV),
BOSSA, BossaNova (BN), BN + FV
@ Datasets : PASCAL VOC 2007, 15-Scenes, MIRFLICKR, ImageCLEF

2011
MIRFLICKR : 25000 images, manually annotated for 38 concepts.
ImageCLEF 2011 Photo Annotation : 18000 images, 99 concepts
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Experimental Results — MIRFLICKR

MAP (%)

Our methods

BossaNova [Avila et al., 2012] 54.4
BossaNova + FV [Avila et al., 2012] 56.0
Implemented methods

BoW [Sivic and Zisserman, 2003] 51.5
FV [Perronnin et al., 2010] 54.3
Published results

[Huiskes et al., 2010] 37.5
[Guillaumin et al., 2010] 53.0

@ Project Web page with codes available
https://sites.google.com/site/bossanovasite/

@ Publication : CVIU'12 Pooling in Image Representation : the Visual
Codeword Point of View, S. Avila, N. Thome, M. Cord, E. Valle, A.

araujo
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Outline

© Coding
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Advanced coding : Localized Soft Coding [Liu ICCV 2011]

LSC principle

X1 Xj XN
Ci Qp,q @1y |- QLN
H = ¢y | @ui @l Gmn | = g: pooling
cyr Laary @M AMN
4

f: coding

Ay = e Pabsm) o G = {d(xj, cm) if cm € Ni(x))?
% e—Bd(x;,c) 00 otherwise
=1

followed by max pooling, no normalization of the BoW, and Linear SVM

a. Ni(xi) the k-nearest neighbors
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Dictionary learning and sparse coding
Dictionary learning and sparse coding

Principle

f: coding

@ Sparse coding (with matrix C of codewords) for local feature x; :

aj = Argming L(a, C) = llx; — Call3 + Alally

@ Dictionary learning : alternate optimization over code o and matrix C
over a set of local features (with constraints on vector norms)

@ Discussion : one scheme for optimizing C, another for coding (most
important) [Coates Ng ICML 2011]

@ Sparse Auto encoders [Ranzato 2006, Bengio 2006] and RBM for
dictionary learning [Hinton 2006]
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Dictionary learning and sparse coding
Dictionary learning : unsupervised /supervised /tranfered

Object Bank [Fei-Fei NIPS 2010] ... As a BoW strategy

Object Detector Responses Spatial Pyramid Object Bank Representation

Max Response (OB)

Original Image

@ Similar to BoW where visual
words are object detectors

@ Dictionary learned with : : :
supervised schemes H = Cp |@mi - Qmy - Gy | = g pooling
(=> transfer of knowledge) ' : :

Car QAf1c M - QUM N

@ Very good perf when combined L
with BossaNova = 69% on J: coding
Pascal VOC 2007 [ ICIP 2013]
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Outline

@ Deep Learning with RBM
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4 Deep Learning with RBM

1 m Deep Learning & Visual Representations

Layer-Wise Learning Scheme

PhD thesis of Hanlin Goh (July 2013)

Unsupervised and supervised visual codes with restricted Boltzmann machines
H. Goh, N. Thome, M. Cord & J.-H. Lim, European Conference on Computer Vision (ECCV), 2012.

Top-down regularization of deep belief networks
H. Goh, N. Thome, M. Cord & J.-H. Lim, Neural Information Processing Systems (NIPS), 2013.




1. Deep Learning & Visual Representations ~ Slide 2 of 47

Image Classification Model
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extraction

: Pooling Classification
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1. Deep Learning & Visual Representations ~ Slide 3 of 47

Deep Visual Representations

Shallow Architecture

Image

Models more complex functions
Deep Architecture /‘

Multiple lilitent layers

Image - D

o N = N <
8‘8‘8‘

@) @) @)

Label




1. Deep Learning & Visual Representations ~ Slide 4 of 47

Deep Convolutional Networks

[LeCun-89]

Fully-connected weights

(Classification)

A
( A

Class
labels

S S Wiy
N\ X N

Convolution  Sub-sampling Convolution .
, : Sub-sampling
(Coding) (Pooling) (Coding) (Pooling)

« Convolution uses local weights shared across the whole image.

« Sub-sampling shrinks the spatial dimensions.



1. Deep Learning & Visual Representations ~ Slide 5 of 47

Learning architecture
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2 Regularizing
m Latent Representations

A New Layer-Wise Learning Scheme

4




2. Regularizing Latent Representations

~ Slide 7 of 47

Greedy Layer-Wise Learning

[Hinton-06, Bengio-06, Ranzato & LeCun-06]

» Representations are learned one layer at a time from the bottom-up
« Each new layer models the distribution of the previous layer
* Learning is performed using unsupervised building blocks

/Building blocks )

* Restricted Boltzmann machines

* Decoder networks

* Auto-encoder networks

J

Deep Belief Network
Input Ld‘ténltipMaﬁltqué Il%em layers
layer

O O O
Q O;Q
O O O
O O @)

RBM b ~ -
RBM S ~
RBM

-




2. Regularizing Latent Representations ~ Slide 8 of 47

Restricted Boltzmann Machines (RBM)

[Smolensky-86]

Objective

» Learn a projection to a good feature space using
unsupervised learning

I J
Input  Latent Energy function:  E(x,z) = — ) | ) xjw;jzj
layer layer i=0j=0

\

/Sampling functions
) P(zi|x) = sigm(WTx)
\- P(xi|z) = sigm(Wz)

] latent variables

J

Optimization
* Maximum likelihood approximation
» Contrastive divergence learning algorithm
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2. Regularizing Latent Representations

Contrastive Divergence Learning

[Hinton-02]

’Dtrain|
Maximum likelihood approximation: LRreM = — log P(xy)
k=1

Step 1: Alternating Gibbs Sampling Step 2: Update Parameters

Input Latent

features representations Aw;j = 8(<xizj> data — <xiZj>recon)

P

data

Xdata

] variables
?

reconstructions




2. Regularizing Latent Representations ~ Slide 10 of 47

Existing “Sparse” Regularization

« Solely using the maximum likelihood criteria may not be the best
way to learn latent representations... REGULARIZE!

’Dtrain|
ERBMJrreg — N logp(xk) + /\h(z>
k=1

Maximum Likelihood Regularization Term

« “Sparsity”’: Low average activation for each latent variable

[Lee & Ng-08] Observed Target
z average average
] , _%3 <Zj> p
h(z) =) lIF = (z)l> : >O—>0<0
=1 £

K instances

Penalize the

« Low average activation #“sparsity” Difference of Averages
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2. Regularizing Latent Representations

Proposed Generic RBM Regularization

|Dtrain’ |Dtrain| J
ERBM+reg = Z logP(xk) — A Z ZlogP(pjk\z]-k)
k=1 k=1 j=1
Maximum Likelihood Cross-Entropy Penalty
Input Latent Modified Target
features representations representations representations
X S P
52 38884 .+ (8888
< <
§ 00|00)E ¢=0(3/0/0€
s Q10|00 Q0|00 ¢
O\ 00O)< O O0QO)~

K instances

{ K instances

Element-wise
weighted sum

K instances

Awjj = 5(<xi5j>data — <xiZj>recon>
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Feature Coding: Sparsity & Selectivity

K Instances

KInstances Z - A \
Y Feature i @@@@

, Selectivity

I input COdmg J O O|O||O) :

) i = X (j-th variable)
dimensions latent < \E) Y ©/
variables O Q O Q
| OICIQIO
Sparsity

(k-th instance)

High Selectivity

» Each latent variable responds to a small subset of instances

High Sparsity

« Each instance invokes response from small subset of latent variables
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Sparse & Selective RBM Regularization

Step 1 — Compute Target Representations

Instances

e |BEBE MHW MHHHWNHHIJJMHth

variables 3 transform

(@Jeleleln)
O0QOO

O00Q0OO
O©OOOD)

A4

Step 1a - TranSform every COlumn 0:27 Py T‘OOW?‘[ Q ,JT? o‘[‘ T Y-y TT?T 1 ?IT?[ ‘ |
Step 1b — Retransform every row °

Step 2 — Regularize RBM Learning

|Dtmin ‘ ‘Dtmin | ]

»CRBM—I—reg — Z logP(xk) —A Z Zlogp(pjk|zjk>
k=1 k=1 j=1
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Visualization of Learned Weights

From Natural Images
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Initial Experiments — Single RBM

« Sparsity and selectivity are successfully transferred to the latent
representation.

« Classification error is minimum when the activation level is low, but
not at the lowest.

0.065

W z %Y
X 1 2 5 0.06[
784 x 1000] (O) [1000x 10] ¥ °
O o 0.055}
ﬂ ) O ‘ 5 oos| |
‘ 8 g 0.045} RBM o]
28x2 =
P g 004 Regularized
RBM Perceptron O 0.035} RBM
p
(unsupervised) network 0.03 - - - - -
( . d 0 0.02 0.04 0.06 0.08 0.1 0.12
Siperovise ) Target mean py
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Topographic Organization

Input Latent Topographic maps Sparse and selective
patches representations P target representations
aWe¥We¥aV¥aWaXe)
O0O0000 0,
Zdata ﬁﬁﬁﬁf\f\o) P
X0 " O00O0O0O0O0KHLP "
: = 00000005HD SIS
o = DD QQIQ|Q| <
2 " mmp OOOOOOOR[ZY = 000Q &
- S 0D Q|00 &
K , - 00 0 055P) & , -
patches K instances o Xe 0 0h '&@ K instances
OO0OO0OO0O0OO0O/
J latent variables arranged in
Regularize a NxN topographic map
RBM parameters
Before: | " After:
| n T |
- - | | - _
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Smooth Topographic Map

Orientation B

From Color Natural Image :
= L :
ST = ;
IEEED INEEEEEEE :
IDEEE N . -
\ = =
-1 o
- ‘: i o 3.2
g ? — - -
. 4 °
‘ 1L | 2.8
)
v | b -t 2.6
214G 1111 2 .
K Color (Saturation)
i 0.25
0.2
L \ - T~ ' 0.15
A IS ..
— ’ ! R e |
(‘ [ P 0.05
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Latent Representation Invariance

e " c e e -~

2175K 2325K 2550K 2750K 2975K

N,

Cooler’

< Neutral temperature
Warmer

[—9— Topographic =~ —%— Independent }

/Image transformations )

» Color temperature
0.03} 1 * Rotation
» Scale

* Translation
- /

o

Average MSD

2K 2.3K 24K 2.5R"2.6K 2.7K 2.8K 2.9K

Temperature (K)
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Summary — Latent Representations

Regularizing Latent Representations
* Regularizing restricted Boltzmann machines
» Generic and able to take in any structured representation as “priors”

Designing Interesting Representations
» Inducing code sparsity and selectivity
* Inducing topographic organization



3 Deep Supervised
m Optimization

Combining Bottom-Up & Top-Down Signals
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Layer-Wise Learning & Regularization

 RBMs are stacked from the bottom-up
« Each RBM models the distribution of the previous layer
« RBMs are regularized to assume some representational property

Input Multiple latent layers
layer - A

Z, Z, 23\
X O O O
W, O W, O W, O
—8—8—8 o« o o
O O O

OO000O
OO000O
OO000O

A
3
N
3
W
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Proposed Deep Learning Strategy

[Hinton-06, Benjio-06, Ranzato & LeCun-06]
Phase 1: Greedy Unsupervised Pre-Training

Input Multiple latent layers
layer - A N
zZ, z, zZ,
x Wi g5 W. o W ©
1 O 1 O 1 O
S S S Bottom-Up
O O O +

Top-Down

Phase 2: Discriminative Fine-Tuning Deep Learning

Input Multiple latent layers Output
layer A 1
y “z Z, _ ayer
X W1 O W2 O W3 O W4 Yy
O O O
Jet—gt—gtc 1
@) @) @)
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Top-Down Regularized Building Block

‘Dtmin| |Dtmin‘ J
L1 RBM+top—down = — log P(zj—1x) —A ), ) logP(z141,klz1i-1k)
k=1 k=1 j=1
Maximum Likelihood Cross-Entropy Penalty
Current latent layer
p N
Prapigus Batsesntup MidetigRa

felyiges fepiesentations — iepresentations — tepresentations

S,
Yan 20-4)QQQR & ¢ g
=) 2 2
. S O0[0|0 & == =
@@@@ S ollo}'ellle) = S
K instances = O 00O) ~ K instances e
data K instances K instances ance
o M Z rop-D
X o p-Down
tedoh Element-wise Sampled

weighted sum

Awl_l’ij — <<Zl_1’l_2’isl’j>data B <Zl_1’l’izl’l_1’j>recon>
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Top-Down Regularized Deep Network

Basic Building Previous Current Next
Block: layer latent layer layer

S

[ Z)_q J—E[Zl,l—lj Z]1+1
\
[ Zl—(1,l H Zl,l—l] Merged

1-step CD |

5-Layer Deep Network: Input Layer 2 Layer 3 Layer 4 Output
A A ——A— ——— —A
S3 S4 S5
)\ ( N\ N\
2,3 73 44 Z45<
J -
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Deep Learning Algorithm

5-Layer Deep Network: Input Layer 2 Layer 3 Layer 4 Output
f-M r A N r A A} r A N r A N
S> S3 S, S5
) ( N )
z (2 ) 5
2t fes——fasg @J 8)
723 Z34< Z45<

— /. J
S> S3 )

4 S5
Step 1: )\ fm ) fm N\ -
Forward-Backward Sampling (&5 43
234« 2454
J \ J

Step 2: Z31

Alternating Gibbs Sampling
Step 3:

Update all RBMs Awl—l,i]' = ¢ <<Zl—1,l—2,isl,j>dam N <Zl_1’l’izl’l_1’j>recon>
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Results — Handwritten Digit Recognition

Deep Network for Handwritten Digit Recognition: Wrong Classifications:
Based-on [Hinton-06] Z ZBEAINEIAANE
pa G|/ |9 |2AUl/[3]5]7]4]
Q 1]9[8[8|&[0[¢]5]¢[3]
W, % W, %z W, O W, [g 7]7]2|@| 7|
X O 4
784 x 500] () [500 x 500] (O)[500 x 2000] | <]| [2000 x 10] ¥ AR
n_8_8_0~ 2lelél8le
0 o e BB NEIRPIFL
2828 O O o 2|0 £]Z]5[1]N
e %[8]2]7]6/LIL[5[A[0]
O
Phase 1 Phase 2 Phase 3
Up-down [Hinton-06] 1.25% -
RBMSs [Hinton-06] 2.49%
1.14% 0.98%
Forward-backward _
Sparse & selective 1.06% Backpropagation 0.91%
2.14%
RBMs — 1.08%
Random weights — Forward-backward 1.61% —
Encoder-decoders 2.67% 1.25% Backpropagation 1.03%
SPREAD
Random weights — 1.58% —
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Summary — Deep Supervised Learning

Deep Supervised Optimization
* Three-phase deep learning
* Top-down regularized deep networks (global optimization)
« Simple implementation adapted from previous regularization scheme

How to do Deep Learning?
» Bridge between fully-supervised to strongly discriminative learning
« Gradual transition between modelling the data and modelling the label

Good for Data Good for Class
Representation Discrimination
Zq Zy Z3
X
O @) @) y

O O O
O O O
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m Visual Codes

Image Classification from SIFT

=

N
K
W

o

\aY/ 4
D
S e

8

WY/
) A
R
S

V‘ ‘o VAV, o 40 V‘ N,
(AU
Geisin,
CHARRKNOICO

</

ok

D)

o
KA
X

Ve

S
eliele;

e
o

AW
QV

Ve
(S

v
.
DD o

0

K
1o

e
7
ol
o

o

(AN

(A

X

X
X

Y

YOS
ol
i
K
o
A

{
{
Z()Z

8
e
el

e
(X5
\w/

&
o
DUSSS]
R
)
701
(DY
N

4

Y
Vov
4

95

J

Y&y
XX
o
\%
o
e

TN

X
X

§
%

2

3

XN
iVA%

[

X
X
X

V
2
LQZ \vZ

N
0*0

i

i
KN
AN

el
UCHOR

AN
A

%

3

g
,;3
X




4. Learning Hierarchical Visual Codes ~ Slide 30 of 47

Learning Visual Representations

Featur - ificati
Feature cature Pooling Classification

extraction codin .
Imace Local 4 Visual ‘ Image — Class
8 descriptors codes signature label

__________________________________________________________________________________

Spatial Pyramids SVM :
& Pooling Classifier |

[Lazebnik-06]

-

Deep
Learning

i * Models Complex Functions
' RBM-Based !
: ,’ + Fast Feedforward Inference
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Single Layer Visual Dictionary

4 J visual codewords Z (Visual code
y/ /Local feature coding
RBM < W < I
X
Descriptor Local feature extraction
X /
I dimensional descriptor /
_ (e.g. SIFT: 128) /Patch
Image

* Local descriptors are extracted from densely sampled patches
* Using an RBM to encode a local image descriptor (SIFT)

* RBM has two layers:
* Input layer — descriptor
e Latent layer —visual code
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Hierarchical Visual Dictionary

(Class labels) _Supervised signals

W, ‘/

« Spatial Aggregation

(High-level code) Highdtewel . Greedy RBM Stacking

W, ’ / feadtireningding

Macro « Supervised Fine-Tuning
(st ual COCD CVISW[ COde) / code Top-down regularized learning

Visual code)(Visual code) - Discriminative backpropagation

Wlt / TLopad eatufinecidimin g

Descriptor

/(=)
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pixels descriptors — visual codes visual codes  signature label
ITraining; Feature Dictionary N
Step 1: | extraction learning Phase 1:
. Greedy
St 2 Feat}lre Dlictiopary unsupervised
ep 2: coding earning learning
' ' ' /
Feature Associative h
Step 3: coding learnin
—* Phase 2:
Feat}lre Feat}lre Top—down
Step 4: coding coding o .
Forward pass: IEEG—S— S Associative regularized
Top-down Top-down | learmnﬁ I deep learning
regularization | regularizatio
Backward pass:|(um— (a— ‘ )
Feature Feature Image class 2
Step 5: coding coding prediction
Prediction:———
e o L Phase 3:
Discriminative| Discriminative Discriminative S sed
ine-tuning fine-tuning fine-tuning 1.1pe.r Vl.se )
Backprop: (s (s (s discriminative
Feature Feature Feature Spatial | SVM classifier| | learning
Step 6: | extraction coding codinﬁ | ﬁoolinﬁ | | traininﬁ
/
Feature Feature Feature Spatial SVM
Inference: | extraction codinﬁ codinﬁ | ﬁoolinﬁ | classiﬁcatioa
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Experimental Datasets
4 Caltech-101 N\

* Object & Scene Recognition

» Single-label problems

airplanes ~ chair  elephant  faces  helicopter

/ 15-Scenes

bedroom  suburb zndustrml kztchenlzvzng room

coast forest

camel  cormorant duck Ezﬁfel tower fireworks

@en country street tall builig office store/

kgolf ball lighthouse tricycle  tomato zebra /
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Visualization of Visual Codewords

Dominant
. orientation

& Strength

ldwk
EFwN
Edges
NE=N
HE=K
HE=D
HZA=N

Gratings

4 Visual Latent\
SIFT space codeword coding  Automatically discovered
el e % () spatially coherent features
<«—|[H
: [H » Features are diverse
EEEEINS W,

HLZS

Lines

ONJds
Ar WL

Complex features
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Image Classification Results

Caltech-101 15-Scenes

Architecture (30 tr) (100 tr.)
Unsupervised Single-layer 78.0% 85.7%
Supervised Single-layer 78.9% 86.0% >
Unsupervised Hierarchical 72.8% 82.5% v
Supervised Hierarchical 79.7% 86.4% A

* Image classification accuracies are high on a competitive task
» Visual dictionaries are small and concise
* Unsupervised hierarchies do not do as well as single-layer models

« Supervision is crucial for deep architectures;
Less important for shallow architectures.
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Comparison with Other Methods

Caltech-101 15-Scenes

Architecture Authors (30 tr) (100 tr.)
Hard Assignment [Lazebnik-06] 64.6% 81.1%
Soft Assignment [Liu-11] 74.2% 82.7%
ScSPM [Yang-09] 73.2% 80.3%
LLC [Wang-10] 73.4% -
Sparse Coding + Max Pooling [Boureau-10] 75.7% 84.3%
Sparse RBM [Sohn-11] 74.9% -
CRBM [Sohn-11] 77.8% —
Discriminative Sparse Coding [Boureau-10] - 85.6%
LC-KSVD [Jiang-11] 73.6% -
Our Proposed Architecture 79.7% 86.4%

« Competitive results among feature coding methods
« Inference is faster than sparse decoder networks



The End, Thanks!

« Coding => Deep
* Pooling => learning ? Polling in deep
* Unsupervised / Supervised / Other
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