Lecture 8

Recognition and Classification
(continued)

COS 429: Computer Vision
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Review: Image Classification Steps
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Review: Object Detection Typical Components

Hypothesis generation
« Sliding window, Segmentation,
feature point detection, random, search

Encoding of (local) image data Ras
« Colors, Edges, Corners, Histogram of Oriented

Gradients, Wavelets, Convolution Filters

MOUT

Relationship of different parts to each other U
« Blur or histogram, Tree/Star, Pairwise/Covariance

Learning from (labeled) examples -
« Selecting representative examples (templates),

Clustering, Building a cascade Exemplar Summary
- Classifiers: Bayes, Logistic regression, SVM, .

AdaBoost, Neural Network... ) ) — —

« Generative vs. Discriminative

@
o
=2} =

class densities

Verification - removing redundant, overlaping,
iIncompatible examples
« Non-Max Suppression, context priors,
geometry
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Example 1: Chamfer matching (Pedestrian Detection)
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Gavrila & Philomin ICCV 1999




Example 1: Chamfer matching (Pedestrian Detection)

Hierarchy of templates

Gavrila & Philomin ICCV 1999
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Clustering Strategies

e K-means

— |teratively re-assign points to the nearest
cluster center

« Mean-shift clustering
- Estimate modes of pdf

« Agglomerative clustering

- Start with each point as its own cluster
and iteratively merge the closest clusters

« Spectral clustering
- Split the nodes in a graph based on
assigned links with similarity weights

As we go down this chart, the clustering strategies
have more tendency to transitively group points
even if they are not nearby in feature space
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Example 2: Viola/Jones (Face Detection)
Robust Realtime Face Dection, IJCV 2004, Viola and Jones

Features: “Haar-like Rectangle filters”
*Differences between sums of pixels in adjacent rectangles

I W = [

2-rectangle features I 60,000 <100 =6,000,000

Unique Features

3-rectangle features

="l

4-rectangles features
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Example 2: Viola/Jones - Integral Images

X, Y

ii(x,y) = Sum of the values in the grey region

1 2 How to compute B-A?

How to compute A+D-B-C?
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Example 2: Feature selection with Adaboost

1. Create a large pool of features
Trained Classifier
2: Se!ec.t fe?tures that are (for each stage of cascade)
discriminative and work well
: 1 ifh 0
together: Y09 = { L otmenvse

— “Weak learner” = feature +
threshold + parity Y(X) = oy, (X)

— Choose weak learner that |
minimizes error on the Decision = { Licri face. gt\gg(rxsg
weighted training set

— Reweight

(More on AdaBoost next time...)

Slide from: Derek Hoiem
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Example 2: Viola/Jones Cascaded Classifier

50% 20% 2%
IMAGE e — —»(20 Featureg — FACE
SUB-WINDOW

lp lF lF

NON-FACE NON-FACE NON-FACE

first classifier: 100% detection, 50% false positives.
second classifier: 100% detection, 40% false positives
(20% cumulative)

using data from previous stage.
third classifier: 100% detection,10% false positive rate
(2% cumulative)

Put cheaper classifiers up front
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Example 2: Viola/Jones results




Typical Components

Hypothesis generation
« Whole image, Sliding window, Segmentation,
Feature point detection, Search...

RIGHT
EDGE

LEFT
EDGE

Encoding of (local) image data
« Colors, Edges, Corners, Histogram of Oriented
Gradients, Wavelets, Convolution Filters...

MOUT

ovariance...

« Learning from labeled examples =
« Selecting representative examples (templates),
Clustering, Building a cascade Exemplar Summary
- Classifiers: Bayes, Logistic regression, SVM, .
AdaBoost, ... J PEC,) o e

« Generative vs. Discriminative

@
o
=2} =

[}
class densities

Verification - removing redundant, overlaping,
iIncompatible examples
« Non-Max Suppression, context priors,
geometry
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(No Geometry) Example: Color Histograms

Swain and Ballard, Color Indexing, IJCV 1991
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http://www.inf.ed.ac.uk/teaching/courses/av/LECTURE_NOTES/swainballard91.pdf

(No Geometry) Example: Bag of Words
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Objects as texture

« All of these are treated as being the same

« No distinction between foreground and
background: scene recognition?

15: C0OS429 : 05.10.17 : Andras Ferencz Svetlana Lazebnik



Origin 1: Texture recognition

« Texture is characterized by the repetition of basic
elements or textons

« For stochastic textures, it is the identity of the
textons, not their spatial arrangement, that matters
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Julesz, 1981; Cula & Dana, 2001; Leung & Malik 2001; Mori, Belongie & Malik, 2001,
Schmid 2001; Varma & Zisserman, 2002, 2003; Lazebnik, Schmid & Ponce, 2003
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Origin 2: Bag-of-words models

2007-01-23: State of the Union Address
George W. Bush (2001-)

abandon accountable affordable afghanistan africa aided ally anbar armed army baghdad biess challenges chamber chaos
choices civilians coalition cormmanders commitment confident confront congressman constitution corps debates deduction

1962-10-22: Soviet Missiles in Cuba
John F. Kennedy (1961-63)

abandon achieving adversaries aggression agricultural appropriate armaments @I TS assessments atlantic ballistic berlin

buildup burdens college commitment communist constitution consumers cooperation crisis C L b d dangers

o 1941-12-08: Request for a Declaration of War
elimination emerge

Franklin D. Roosevelt (1933-45)
halt hazards he

abandoning acknowledze aggression aggressors airplanes armaments armed army assault assembly authorizations bombing

modernization negleq : .
britain british cheerfully claiming constitution curtail december defeats defending delays democratic dictators discdose

recession rejection ] economic empire endanger faCtS false forgotten fortunes france freedom fulfilled futness fundamental gangsters
surveillance tax german germany god guam harbor hawaii hemisphere hint hitler hostilities immune improving indies innumerable

invasion 15l@ands isolate ] a pa n ese labor metals midst midway NaVY nazis obligation offensive

officially paCTﬁC partisanship patriotism pearl peril perpetual philippine preservation privilege reject
repaired re@sisting retain revealing rumors seas soldiers speaks speedy stamina strength sunday sunk supremacy tanks taxes

treachery true tyranny undertaken victory Wa r wartime washington

e Orderless document representation:
frequencies of words from a dictionary sarons

MEeGit=(1983)
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Clustering
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Recall: SIFT Matching with RANSAC

SIFT + RANSAC transformation matching to
exemplars was not likely to work

How Is SIFT-based classification through
Bag of Words different?

20 : COS429 : 05.10.17 : Andras Ferencz



The (obvious) problem with ignoring Geometry

All of these images have the same color histogram
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Adding Geometry back: Spatial pyramid

; S e s

Compute histogram in each spatial bin
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Spatial pyramid representation

 Extension of a bag of features
« Locally orderless representation at several levels of resolution

|

Lazebnik, Schmid & Ponce (CVPR 2006)
23 : C0OS429 : 05.10.17 : Andras Ferencz
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Object Classification technique: Delal & Triggs

« Hypothesis generation
 Sliding window, Segmentation,
feature point detection, random, search

RIGHT
EDGE

LEFT
EDGE

« Encoding of (local) image data
« Colors, Edges, Corners, Histogram of Oriented
Gradients, Wavelets, Convolution Filters

MOUTH

« Relationship of different parts to each other U
« Blur or histogram, Tree/Star, Pairwise/Covariance

« Learning from labeled examples -
« Selecting representative examples (templates),
Clustering, Building a cascade Exemplar
« Classifiers: K-NN, Logistic regression, e
SVM, AdaBoost, Bayes ... 4 o ‘,,(cm .

« Generative vs. Discriminative

@
o
© =

class densities

 Verification - removing redundant, overlaping,
iIncompatible examples
« Non-Max Suppression, context priors,
geometry
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and Trigs Pedestrian Detector

Input image
-— Detection window

Tee = In practice, effect is
OTMANISe gamma & coil | I~ very small (about 1%)
while some

computational time is
Compute gradients required*

Cell —»

Accumulate weighted votes
for gradient orientation over
spatial cells

Block ———

Normalise contrast within
overlapping blocks of cells

Overlap
of Blocks

Feature vector, /= Collect HOGs for all blocks
[ oy veCyyEy ] over detection window

*Navneet Dalal and Bill Triggs. Histograms of Oriented Gradients for Human Detection. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, SanDiego, USA, June 2005. Vol. I, pp. 886-893.
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Computing gradients

Input image
-— Detection window

Normalise gamma & colour

Compute gradients

Accumulate weighted votes
for gradient orientation over
spatial cells

Normalise contrast within
overlapping blocks of cells

Collect HOGs for all blocks
over detection window

Mask Type cen1tle)red unc;naered 1D cubic,corrected 2x2 diagonal 3x3 Sobel
01 -1 01
-2 0 2
-1 0
[_1 0 _1 0 1
Operator L [-1, 1] [1,-8,0, 8, -1]
1] 10 -1 -2 -1
0 1 0 0 0
1 2 1
Miss rate
at 10— 11% 12.5% 12% 12.5% 14%
FPPW
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Slide Credit: Qing J.Wang &Ru B. Zhang




Histogram of Oriented Gradients

[Dalal and Triggs, CVPR 2005]
27 : COS429 : 1.8 : 10.10.17 : Andras Ferencz Slide Credit: Noah Snhavely



Histogram of Oriented Gradients

B b e e e e g




HOG feature vector for one block

Angle Magnitude
0 15 | 25 | 25 5 20 | 20 | 10
10 | 15 | 25 | 30 5 10 | 10 5
45 | 95 | 101 | 110 20 | 30 | 30 | 40
47 | 97 | 101 | 120 50 | 70 | 70 | 80

Binary voting

Magnitude voting

160
140

120

; I 100
80

40

20 +—

0-19 20-39 40-59  60-79 80-99 100-119 120-139 140-159 160-179 0-19 20-39  40-59 60-79 80-99 100-119 120-139 140-159 160-179

Feature vector extends while window moves
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Accumulate weight votes over spatial cells

Input image
-— Detection window

Normalise gamma & colour

Compute gradients

Accumulate weighted votes
for gradient orientation over
spatial cells

Normalise contrast within
overlapping blocks of cells

Collect HOGs for all blocks
over detection window

30 : COS429 : 1.8 : 10.10.17 : Andras Ferencz

How many bins should be in histogram?
Should we use oriented or non-oriented gradients?
How to select weights?

Should we use overlapped blocks or not? If yes,
then how big should be the overlap?

What block size should we use?

DET - effect of number of orientation bins

0.5 ) ) )
g FrgoA
NS
T ) e ot : :
L Te L TR TR i
02 d‘f‘ “e ‘( p
- TalR T,
" - bin= 9 (0-180)|| < & v
2 | -=- bin= 6 (0-180) BB oA ]
E0.051 . pin= 4 (0-180) AN N
-4~ bin= 3 (0-180) Qom #Y,
bin=18 (0-360)| % I
0.02H -#- bin=12 (0-360) N g
bin= 8 (0-360) 5 A
bin= 6 (0-360 : BV
0.01 1.1 ) e

“107® 107° 107 107" 107 10
false positives per window (FPPW)

Slide Credit: Qing J.Wang &Ru B. Zhang



Accumulate weight votes over spatial

Input image
~&— Detection window . How many bins should be in histogram?

. Should we use oriented or non-oriented gradients?

. How to select weights?

Normalise gamma & colour
. Should we use overlapped blocks or not? If yes,

then how big should be the overlap?

Compute gradients
. What block size should we use?

Accumulate weighted votes
for gradient orientation over

spatial cells
20
s ]
Normalise contrast within < 5]
overlapping blocks of cells ]
~ 0]
Z
= q-
Collect HOGs for all blocks U“ﬁx
over detection window PP
10x10 " gro——= —— 2x2
X8 T~ =3
~ 4x4 Block size (Cells)

Cell size (pixels) 44
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Accumulate weight votes over spatial

Input image
-— Detection window

. How many bins should be in histogram?

. Should we use oriented or non-oriented gradients?

. How to select weights?
Normalise gamma & colour

. Should we use overlapped blocks or not? If yes,
then how big should be the overlap?

Compute gradients
. What block size should we use?
Accumulate weighted votes DET - effect of overlap (cell size=8, num cell = 2x2, wt=0)
for gradient orientation over 0.5 ; ; ; ;
spatial cells - ’ ’
ﬂ%
0.2l Zb Ve ]
B 'EE
Normalise contrast within @ g 10‘32“ i
= - . f il - ¥ ] ]
overlapping blocks of cells s s s o - ;
2 BN
£ 0.05[ . i
a a i “rQ
Collect HOGs for all blocks 0.02 o overlap = 3/4, stride = 4 t,
over detection window -8- overlap = 1/2, stride = 8 Y
oy Lz overlap =, stride =16 Al
10 100 10t 107 10?10

false positives per window (FPPW)
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Contrast normalization

Input image
-— Detection window

Normalise gamma & colour

Compute gradients

Accumulate weighted votes
for gradient orientation over
spatial cells

Normalise contrast within
overlapping blocks of cells

Collect HOGs for all blocks
over detection window

33 :C0S429 : 1.8 :10.10.17 : Andras Ferencz

DET - effect of normalization methods

B SNSRI :
h.ar\“k_h\n ?\“&
R TR
h“:ﬁ;fh\ ‘ﬂ\\\
@ g, i
E g‘:“?tx &‘".,
| S
£ 0.05H o L2-Hys * ‘?“\1‘4_
-a- L2-norm TNR
= L1-Sart ENOAS
-4- L1-norm .\'::‘G:r
No norm » A
- #- Window norm § '
-5 -4 -3 -2
10 10 10 10
false positives per window (FPPW)
L1- norm = L1- sgrt = N L2 - norm = ‘2}
HVH1+-€ ‘hﬂl € Hv”zi-g

L2 - Hys - L2-norm followed by clipping (limiting the maximum values of v to 0.2) and
renormalising

Slide Credit: Qing J.Wang &Ru B. Zhang



Making the feature vector

Input image
~-— Detection window
- Block | Block | Block
JB- | &
l 0 e
— e i—
8 2 g
. 1o = g
Normalise gamma & colour T ...... : . 8 S
Compute gradients \ Al : o L . o N
(a) R-HOG/SIFT (b) C-HOG (c) Single centre C-HOG
Accumulate weighted votes Variants of HOG descriptors. (a) A rectangular HOG (R-HOG) descriptor with 3 x 3 blocks of
for gradient orientation over cells. (b) Circular HOG (C-HOG) descriptor with the central cell divided into angular sectors
spatial cells as in shape contexts. (c) A C-HOG descriptor with a single central cell.

Normalise contrast within
overlapping blocks of cells

Collect HOGs for all blocks
over detection window

34 : COS429 : 1.8 : 10.10.17 : Andras Ferencz Slide Credit: Qing J.Wang &Ru B. Zhang



HOG example

(c) (d)
In each triplet: (1) the input image, (2) the corresponding R-HOG feature vector (only the dominant orientation of each cell is
shown), (3) the dominant orientations selected by the SVM (obtained by multiplying the feature vector by the
corresponding weights from the linear SVM).

35:C0S429 : 1.8 : 10.10.17 : Andras Ferencz Slide Credit: Qing J.Wang &Ru B. Zhang



Feature Vector —» Classification Result

Supervised Learning  Unsupervised Learning

clustering

classification or
categorization

regression

dimensionality
reduction

Continuous Discrete

36 : COS429 : 1.8 : 10.10.17 : Andras Ferencz Slide Credit: James Hayes



The machine learning framework

output  prediction Image
function features

« Training: given a training set of labeled examples {(x1,y1), ...,
(xn,Yn) }, estimate the prediction function f by minimizing the
prediction error on the training set

« Testing: apply f to a never before seen test example x and output
the predicted value y = f(x)

37 : COS429 : 1.8 : 10.10.17 : Andras Ferencz Slide Credit: L. Lazebnik



Classification

 Assign input vector to one of two or more
classes

* Any decision rule divides input space into
decision regions separated by decision
boundaries

Xy




Many classifiers to choose from

« SVM

* Neural networks Which is the best one?
 Nalve Bayes

« Bayesian network

« Logistic regression

« Randomized Forests

« Boosted Decision Trees

« K-nearest neighbor

« RBMs

e Etc.

39 : COS429 : 1.8 : 10.10.17 : Andras Ferencz Slide Credit: D. Hoiem



Which Algorithm to use?

classification
approximation NOT

SVC = WORKING

Ensemble »
Classifiers NOT

WORKING

- NOT /
Text WORKING YES <1OOK

samples

YES

ﬁr;c:hnve
labeled
data /

WORKING

Spectral
Clustering w

ﬂumher of
YES ;

e categories
clustering o N
B

No T
? Vs‘jamples

-
ﬂmgh ,
luck /

MiniBatch
KMeans

| 40 : COS429 : L8 : 10.10.17 : Andras Ferencz

/ just

ookmg/

1

scikit-learn
algorithm cheat-sheet

regression

YES samples

)/

SGD )
ElasticNet
g  ElastioNot SVR(kernel="rbf")
category
/ EnsembleRegressors
NO,

NO /

/1 00K few features

NOT
samples Shuuld be WORKING
important
RldgeRegresswn

SVR(kernel="linear')
Randomized
PcA

YES NOT
WORKING

predicting a

quantity

Spectral
Embedding

ot LLE
WORKING

YES

710K

- amples g0 Kernel dimensionality
i — approximation re du c tl on

structure |

Slide Credit:



(1-) Nearest Neighbor

m | ®

2 ‘ Trainin
Training Test 9 ot SS
examples [] example P
from class 1 from class 2
- O
]
o O

f(x) = label of the training example nearest to x

« All we need is a distance function for our inputs
« No training required!

41 : COS429 : L8 : 10.10.17 : Andras Ferencz Slide Credit:

L. Lazebnik



K-nearest neighbor

A
X
X
o
X X X
X
+ 5 y
o . X
O o
o
o
X2
>
x1

42 : COS429 : L8 : 10.10.17 : Andras Ferencz Slide Credit: D. Hoiem



1-nearest neighbor

X2

x1

43 : COS429 : L8 : 10.10.17 : Andras Ferencz Slide Credit: D. Hoiem



3-nearest neighbor

X2

x1

44 : COS429 : L8 : 10.10.17 : Andras Ferencz Slide Credit: D. Hoiem



5-nearest neighbor

X2

x1

45 : COS429 : L8 : 10.10.17 : Andras Ferencz Slide Credit: D. Hoiem
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° C;c?o ae . 0 %, ¥ ¢ y .:. a¥e o
@ v & ® N ¢ [ o @
the data 1-NN classifier 5-NN classifier
Questions:

- What distance function to use L1, L2?

- What is the accuracy of the 1-NN classifier on the training data?
- What is the accuracy of the 5-NN classifier on the training data?
- Which one do expect to do better on the test data?

46 : COS429 : 1.8 : 10.10.17 : Andras Ferencz Slide Credit: A. Karpathy



Classifiers: Linear

m B ® .
o
y=1 - ° y=-1
. o
»
- o
\

« Find a linear function to separate the classes:

y=f(x) = sgn(w - x + b)

47 : COS429 : L8 : 10.10.17 : Andras Ferencz Slide Credit:



Linear classifiers

 Find linear function to separate positive
and negative examples

®
° Xx; positive: x,;-w+b=>0
® x. negative: x.-w+b<0
. 1 1
®
®
® o e o
° ®
®
®
° ®
Which line
© is best?
®

48 : COS429 : L8 : 10.10.17 : Andras Ferencz Slide Credit: Kristin Grauman



Using Least Squares for Classification

e Find a linear function to separate the classes:

y=f(x) = sgn(w - x + b)

49 : COS429 : L8 : 10.10.17 : Andras Ferencz Slide Credit:



Using Least Squares for Classification

e Find a linear function to separate the classes:

y=f(X) = sgn(w - x + b)

50 : COS429 : 1.8 :10.10.17 : Andras Ferencz Slide Credit:



Using least squares for classification

51:C0OS429:1.8:10.10.17 : Andras Ferencz

least
squares
regression|

2 0 2 4 6 3
If the right answer is 1 and
the model says 1.5, it loses,
So it changes the boundary
to avoid being “too correct”

Slide Credit: J. Hinton



The Problem: Loss Function

Some Classification Loss Functions

E(») Squared Loss
Hinge Loss
Log Loss

0/1 Loss




Sigmoid

We model the probability of a label Y to be equal y € {—1,1}, given a
data point x € R”, as:

’
1+ exp(—y(w'x + b))

P(Y =y | x) =

This amounts to modeling the /og-odds ratio as a linear function of X:

P(Y =1]x)
o e 2150

= wa+b.

» The decision boundary P(Y =1 | x) = P(Y = —1 | x) is the
hyperplane with equation w’ x + b = 0.

» Theregion P(Y =1|x) > P(Y =—1|x) (ie., w x+ b >0)
corresponds to points with predicted label y = +1.

53 :C0S429 :1.8:10.10.17 : Andras Ferencz Slide Credit: Ziv-Bar Joseph



The likelihood function is

m

1

i=1

Now maximize the log-likelihood:

max L(w, b) : Zlog 1 4 g~ Vw HitD)y

i=1

In practice, we may consider adding a regularization term

max L(w,b) + Ar(w),

with r(w) = ||w||5 or r(x) = ||w/|s.

S !09( 1+llexp(-x))|

2]

0.5

-2 i L -1 -0.5 0 0.5 1 15

2

The Logistic Loss:
Log(1+ exp(-z))
Where
Z = y*(Ww'™x+b)

54 : COS429 : 1.8 :10.10.17 : Andras Ferencz

Slide Credit: Ziv-Bar Joseph




Logistic Result

Logistic
Regression

least
squares
regression

—4 —2 0 2 4 6 3

55:C0S429 : 1.8 :10.10.17 : Andras Ferencz Slide Credit:



Using Logistic Regression

e Quick, simple
classifier (try it first)

e Outputs a probabilistic
label confidence

« UselL2o0rlLl
regularization

- L1 does feature
selection and is
robust to irrelevant
features but slower
to train

56 : COS429 : 1.8 : 10.10.17 : Andras Ferencz

Slide Credit:




Classifiers: Linear SVM

x1

* Find a linear function to separate the classes:

f(x) = sgn(w - x +b)

57 : COS429 : L8 : 10.10.17 : Andras Ferencz Slide Credit:



Classifiers: Linear SVM

x1

* Find a linear function to separate the classes:

f(x) = sgn(w - x +b)

58 : COS429 : 1.8 : 10.10.17 : Andras Ferencz Slide Credit:



Classifiers: Linear SVM

x1

* Find a linear function to separate the classes:

f(x) = sgn(w - x +b)

59 : COS429 : 1.8 :10.10.17 : Andras Ferencz Slide Credit:



Support vector machines: Margin

* Want line that maximizes the margin.
X X, positive (y;, =1): X, W+b =1

N X, negative(y, =-1): x, w+b =<-1

For support, vectors, X; "W +b ==l

a

E(2)
Hinge Loss
O
Support vectors ® N\, Margin — 1 .
C. Burges, L(y,f(x)) = max(0,1-y-f(x))

A Tutorial on Support Vector Machines for Patter
BORETOSARPONLS : 10.10.17 : Andras Ferencz Slide Credit: Kristin Grauman


http://www.umiacs.umd.edu/~joseph/support-vector-machines4.pdf
http://www.umiacs.umd.edu/~joseph/support-vector-machines4.pdf

Nonlinear SVMs

« Datasets that are linearly separable work out great:

e
« But what if the dataset Is just too hard?
@ @ *—@ (l) *-0—@ *—@ .—>x

* We can map it to a higher-dimensional space:

| /
’ o /.
S -

61 : COS429 : 1.8 : 10.10.17 : Andras Ferencz ST G S AR IR



Nonlinear SVMs

* General idea: the original input space can

always be mapped to some higher-

dimensional feature space where the
training set is separable:

N

®: x— ¢(x)

62 : COS429 : L8 : 10.10.17 : Andras Ferencz

Slide CreS fﬂe credit: Andrew Moore



Nonlinear SVMs

* The kernel trick: instead of explicitly computing
the lifting transformation ¢(x), define a kernel
function K such that

K(xi, Xj) = o(x:) - p(X))
(to be valid, the kernel function must satisfy
Mercer’s condition)

* This gives a nonlinear decision boundary in the
original feature space:

2,y p(x) p(x) +b =2,y K(x,,x) +b

C. Burges, A Tutorial on Support Vector Machines for Pattern Recognition, Data Mining
and Knowledge Discovery, 1998

63 : COS429 : L8 : 10.10.17 : Andras Ferencz Slide Credit:


http://www.cmap.polytechnique.fr/~mallat/papiers/svmtutorial.pdf

Nonlinear kernel: Example

* Consider the mappingx) =(x,x")

o (x) ¢(¥) =(x,x%) (¥, »°) =xp +x°°
K(x,y) =xy+x°y°

64 : COS429 : L8 : 10.10.17 : Andras Ferencz Slide Credit:



Kernels for bags of features

* Histogram intersection kernel:

Iy = 3 minGh i), (1)

* Generalized Gaussian kernel:

1
K(h.h) =expl- — D(h . 1)1
(1 2) XpD p (1 2)['

* D can be (inverse) L1 distance,

Euclidean distance, 2 distance, etc.

J. Zhang, M. Marszalek, S. Lazebnik, and C. Schmid,
Local Features and Kernels for Classifcation of Texture and Object Categories: A Compr

eherNS2ud)8 : 10.10.17 : Andras Ferencz Slide Credit;


http://lear.inrialpes.fr/pubs/2007/ZMLS07/ZhangMarszalekLazebnikSchmid-IJCV07-ClassificationStudy.pdf
http://lear.inrialpes.fr/pubs/2007/ZMLS07/ZhangMarszalekLazebnikSchmid-IJCV07-ClassificationStudy.pdf

What about multi-class SVMs?

* Unfortunately, there is no “definitive” multi-
class SVM formulation

* In practice, we have to obtain a multi-class
SVM by combining multiple two-class SVMs

* One vs. others
- Traning: learn an SVM for each class vs. the others

- Testing: apply each SVM to test example and assign to it
the class of the SVM that returns the highest decision value

* One vs. one
- Training: learn an SVM for each pair of classes

- Testing: each learned SVM “votes” for a class to assign to
the test example

66 : COS429 : L8 : 10.10.17 : Andras Ferencz Slide Credit:



SVMs: Pros and cons

* Pros
- Many publicly available SVM packages:
http://www.kernel-machines.org/software
- Kernel-based framework is very powerful, flexible

- SVMs work very well in practice, even with very small
training sample sizes

* Cons
- No “direct” multi-class SVM, must combine two-class
SVMs

- Computation, memory
e During training time, must compute matrix of kernel
values for every pair of examples
« Learning can take a very long time for large-scale
problems
67 : COS429 : 1.8 : 10.10.17 : Andras Ferencz Slide Credit:


http://www.kernel-machines.org/software

I S I

pectrum of supervision

Less More

Unsupervised “Weakly” supervised Fully supervised

N !
\/

Definition depends on task




Generalization

Training set (labels known) Test set (labels
unknown)

« How well does a learned model generalize from the data it was trained on to
a new test set?

Slide credit: L. Lazebnik



Train vs. Test Accuracy

Optimum Model Complexity

Error

Training Set

-

Model Complexity

70 : COS429 : L8 : 10.10.17 : Andras Ferencz Slide Credit:



Generalization

« Components of generalization error

- Bias: how much the average model over all training sets differ from
the true model?

« Error due to inaccurate assumptions/simplifications made by the
model

- Variance: how much models estimated from different training sets
differ from each other
« Underfitting: model is too “simple” to represent all the
relevant class characteristics
- High bias and low variance
— High training error and high test error

« Overfitting: model is too “complex” and fits irrelevant
characteristics (noise) in the data
- Low bias and high variance
- Low training error and high test error

71 : COS429 : 1.8 : 10.10.17 : Andras Ferencz Slide Credit:



Bias-Variance Trade-off

y, Sumple? * Models with too few
. parameters are
o P inaccurate because of a
PR o 7o large bias (not enough
| } flexibility).

Models with too many
parameters are
inaccurate because of a
large variance (too much
sensitivity to the sample).




Bias-Variance Trade-off

E(MSE) = noise? + bias? + variance

/7 w v\
\ Error due to

Unavoidable Error due to variance of training
error incorrect samples
assumptions

H 11

See the following for explanations of bias-variance (also Bishop’s “Neural
Networks” book):
*http://www.inf.ed.ac.uk/teaching/courses/misc/Notes/Lecture4/BiasVariance.pdf


http://www.inf.ed.ac.uk/teaching/courses/mlsc/Notes/Lecture4/BiasVariance.pdf

Try out what hyperparameters work best on test set.

train data

test data

74 : COS429 : 1.8 : 10.10.17 : Andras Ferencz

Slide Credit:




Trying out what hyperparameters work best on test set:
Very bad idea. The test set is a proxy for the generalization performance!
Use only VERY SPARINGLY, at the end.

train data test data

75
75 : C0OS429 : L8 : 10.10.17 : Andras Ferencz Slide Credit:



train data test data

'
fold 1 fold 2 fold 3 fold 4 fold5 | testdata

use to tune hyperparameters

76 : COS429 : L8 : 10.10.17 : Andras Ferencz Slide Credit:



train data test data

'
fold 1 fold 2 fold 3 fold 4 fold5 | testdata

N

Cross-validation

cycle through the choice of which fold
is the validation fold, average results.

77 : COS429 : 1.8 : 10.10.17 : Andras Ferencz Slide Credit:



Remember...

« No classifier is inherently
better than any other: you
need to make assumptions
to generalize Fesmgton bt tfinabe o

WY, (;Eé‘ﬁnnnStnck:curh

« Three kinds of error
- Inherent: unavoidable
- Bias: due to over-
simplifications
- Variance: due to inability

to perfectly estimate
parameters from limited data

78 : COS429 : 1.8 : 10.10.17 : Andras Ferencz Slide Credit:



What to remember about classifiers

Machine learning algorithms are tools, not
dogmas

« Try simple classifiers first

« Better to have smart features and simple
classifiers than simple features and smart
classifiers

« Use increasingly powerful classifiers with
more training data (bias-variance tradeoff)

79 : COS429 : 1.8 : 10.10.17 : Andras Ferencz Slide Credit:



How to reduce variance?

« Choose a simpler classifier

» Reqgularize the parameters

 Get more training data

80 : COS429 : L8 : 10.10.17 : Andras Ferencz Slide Credit:



Generative vs. Discriminative

Generative Models Discriminative Models

« Represent both the data <« Learn to directly predict the
and the labels labels from the data

« Often, makes use of * Often, assume a simple
conditional boundary (e.g., linear)
independence and priors ¢ Examples

. Examples — Logistic regression
- Naive Bayes classifier — SVM
~ Bayesian network — Boosted decision trees

* Often easier to predict a
label from the data than to
model the data

« Models of data may
apply to future

prediction problems
81:C0OS429 : L8 :10.10.17 : Andras Ferencz Slide Credit:



Some Machine Learning

 General
- Tom Mitchell, Machine Learning, McGraw Hill, 1997

-~ Christopher Bishop, Neural Networks for Pattern
Recognition, Oxford University Press, 1995

« Adaboost

- Friedman, Hastie, and Tibshirani, “Additive logistic
regression: a statistical view of boosting”, Annals of
Statistics, 2000

e SVMs

- http://www.support-vector.net/icml-tutorial.pdf

82 : COS429 : L8 :10.10.17 : Andras Ferencz Slide Credit:
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