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Fast intersection kernel SVMs
and other generalizations of linear SVMs

- IKSVM is a (simple) generalization of a linear SVM

- Can be evaluated very efficiently

- Other kernels (including —xz) have a similar form

- Novel features based on pyramid of oriented energy.

- Methods applicable to current most successful
object recognition/detection strategies.



Detection: Is this an X?
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Ask this question over and over again,

varying position, scale, mult]
Speedups: hierarchical, early reject, feature sharing, cueing
but same underlying question!



Detection: Is this an X?

",

‘ ﬂ!’n "‘I"" {!!f!;!'!?!w A !J‘* |
. .I‘!'l ‘ |

e B RO BRI RRES B

Ask this question over and over again,
varying position, scale
Speedups: hierarchical, early reject, feature sharing,
but same underlying question!

mu |

t



Detection: Is this an X?

Boosted dec. trees, cascades
+ Very fast evaluation

- Slow training (esp. multi-class)
Linear SVM

+ Fast evaluation
“'“il iy | + Fast train.ing
3 DR <R - Need to find good features
SN Non-linear kernelized SVM
+ Better class. acc. than linear
. Medium training
- Slow evaluation
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Boosted dec. trees, cascades

+ Very fast evaluation

- Slow training (esp. multi-class)
Linear SVM

+ Fast evaluation

+ Fast training

- Need to find good features
Non-linear kernelized SVM

+ Better class. acc. than linear

. Medium training

- Slow evaluation
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Outline

A What is Intersection Kernel SVM?

A Trick to make it fast (exact)

A Trick to make it very fast (approximate)

A Why use it?

A Multi-scale Features based on Oriented Energy
A Generalization of linear classifiers

A Reinterpret the approximate IKSVM

A Fast training

A Summary of where this matters
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Support Vector Machines
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A Linear Separators (aka. Perceptrons)




Support Vector Machines

A Other possible solutions



Support Vector Machines
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A Which one is better? B1 or B2?

A How do you define better?



Support Vector Machines
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A Find hyperplane maximizes the margin =
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> B1 Is better than



Kernel Support Vector Machines

® @
&
. C Kernel :
Anner Product in Hilbert Space
. o Kx2= RX' F)
. - ACan Learn Non Linear Boundaries

S Z||

K (X, 2) = exp(




Training Stage

Feature Representation

l

Discriminative Classifier




Our Multiscale HOG-like feature
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Figure 2. The three stage pipeline of the feature computation process. (1) The input grayscale image of size 64 x 128 is convolved with
oriented filters (o = 1) in 8 directions, to obtain oriented energy responses. (2) The responses are then L; normalized over all directions
in each non overlapping 16 x 16 blocks independently to obtain normalized responses. (3) Multilevel features are then extracted by
constructing histograms of oriented gradients by summing up the normalized response in each cell. The diagram depicts progressively
smaller cell sizes from 64 x 64 to 8 x 8.

Concatenate orientation histograms for each orange region.
Differences from HOG:

-- Hierarchy of regions

-- Only performing L1 normalization once (at 16x16)



Comparison to HOG (Dalal & Triggs)
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Comparison to HOG (Dalal & Triggs)

A Smaller Dimensional (1360 vs. 3780)
A Simple Implementation (Convolutions)

A Faster to compute
+ No non-local Normalization
+ No gaussian weighting
+ No color normalization



What Is the Intersection Kernel?

Histogram Intersection kernel between histograms a, b

i . a; Z 0
K(a,b) = Zmin(ai, b; ) b; > 0
i=1



What Is the Intersection Kernel?

Histogram Intersection kernel between histograms a, b

aﬂ,;>0

K(a,b) = Zmin(ai, b; ) b; > 0
i=1

K small -> a, b are different
K large -> a, b are similar

Intro. by Swain and Ballard 1991 to compare color histograms.
Odone et al 2005 proved positive definiteness.

Can be used directly as a kernel for an SVM.

Compare to — X2



linear SVM, Kernelized SVM, IKSVM

Decision function is sign (h(x)) where:

Linear:

Non-linear
Using
Kernel

Histogram
Intersection
Kernel

h()

h()

#dim
wr+b= Z w;x; + b
i=1
SV | |
ZaJK(a’;,xj) +b
j=1

HSV #dim |
Z (ozj Z min(azi,aﬁg)) + b
i=1

j=1



Kernelized SVMs slow to evaluate

Decision function is sign (h(x)) where:

Sum over all Kernel Evaluation

Feature vector

support vectors

to evaluate Feature corresponding
b to a support vector |
FHsv
Arbitrary A Al J J
xr) = E o’ K(x,x b
Kernel ( ) : ( ’ ) I

#sv #dim
Histogram ;
Intersection h(z) Z (Oé Z min(z;, T; ) + b

Kernel j=1

SVM with Kernel Cost:

# Support Vectors x Cost of kernel comp.
IKSVM Cost:

# Support Vectors x # feature dimensions



The Trick

Decision function is sign (h(x)) where:

Just sort the support vector
values in each coordinate, and

To evaluate, find position of
In the sorted support vector
values (cost: log #sv)
look up values, multiply & add



