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A similar idea: combine classifiers hy(x),. .., hn(X)
H(x) = ajhy(x) +... + o hn(x),
@y is the vote assigned to classifier h;.

— Vaotes should be higher for more reliable classifiers.

Prediction:
y(x) = sign H(x).

Classifiers h; can be simple (e.g., based on a single feature).
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Initialization step for each example x, set
Dix) = , where N is the number of examples

Iteration step (fort=1..T):

1. Find best weak classifier hy(x) using weights Dy(x)
2. Compute the error rate e, as =

- —_[1 if  y=hix)
N —_——— ~ 10 otherwise
= 3 D(x) Iy, = h,(x)]

i1

3. assign weight o, to classifier h, in the final hypothesis
a, = Iogt(l — & )f;.ETJ

4. Foreachx;, D(x)=

Dix,)- expla, - Ily, = hi(x,))

N
5. Mormalize D(x;) so that 3" D(x} = 1
i=1

feinai(x) =sign [ Z o h, (x) ]

* |

= Examples of high weight are going to be shown more often
= face/nonface classification example:

Round 1

BEEARE

1w 17 17 T T 17
Best weak classifier: ® v v s v

Change Weights: 116 1/4 116

o
116 1/4 1/16 14

= Give to the classifier the followmg re- sampled examples

errors: 0.46 0.36 |0.16

= Tofind the best weak classifier, go through ALL weak
classifiers, and find the on that works best (gives
smallest error) on the collection above

B)  hyX) hgX) e, ho(x)

the best classifier hy(x)
at iteration t

Compute g, the error rate as
&= 2 D0x;)-1ly; # hy(x)]

. _J1it yzhix)
wharei fly; = ol = 0 otherwise

AEEARE

116 /4 116 116 14 116 14

v * %
s=lyl o5
416 16

£, is simply the weight of all misclassified examples added

If a weak classifier is better than random, then g, < 2

assign weight o, to classifier h; in the final
hypothesis

o= log ((1—&)/g;)

Example from previous slide: 1
SN a, = I
&§= 16 = & =log —F—

-

=08

-
m‘”‘mhﬂ
E

ol

= Recall that ¢,< %
= Thus(1-g)¥e>1 = o,>0
= The smaller is ¢, the larger is ¢, and thus the more
importance (weight) classifier hyx) gets in the final classifier
fona(X) =sign [ = o, b, (x) ]




For each x;, D(x;) = D(x;) - exp[ey- I(y; # hy(x;))]

Example from previous slide: «, =

AREQEES

116 1/'4 1/16 116 14 1116 1/4
v v v

UUU Uy

116 14 116 116 1/4

(8'0)dxe (91/1)¢<= »
(go)dxe (r/1) < »

= Weight of misclassified examples is increased and the
new D(x;)’s are normalized to be a distribution again

Normalize D(x;) so that

TD(x;) = 1

Example from previous slide:

AFEARES

116 14 116 0.14 056 1/16 1/4

After normalization:

0.05 018 005 010 040 005 0.18

5% 1 Co# %
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ROUND 1




ROUND 2

ROUND 3

Fonat (X) = 3"9’{

T
0.42- signf, - 3)+0.65- sign(f, - 7) +
+0.92- sign(f, - 4)
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Classifier 1s Learnad from Labeled Data

e/ Bar
- { |l 3 =
* Training Data b 9 K ; 4 e 3 ( +
~ 5000 faces . J-‘" e b &
« All frontal :’F‘ = 5 ; Y B
Z 5T |=
- 10% non faces - E : =
— Faces are normalized e E {
* Scale, franslation 'G‘
» Many variations  m
— Across individuals ) } =
- Illumination = '
— Pose (rotation both in plane and out)
& I ! 5 % |
. !

-
I 0

.$/ *x N n
*C% ! ' +
.&I " % +

iy = il ),
ey <y
% ! % (% %
| D=1+4-(2+3)
. 1 = A+ (A+B+C=D)—(A+C+A+H)
B
=D




Feature Selection

Features = Weak Classifiars

Each round zelects the optimal feature given:
— Previous selected features

In each round for each remaining feature sum of
weighted errors is evaluated for all examples
The classifier with lowest error is selected
Reweight the examples misclassified by lowest
error classifier

Finally build a weighted sum of classifiers

* A& classifier with 200 rectangle features was learned

* 95% correct detection on test set with 1in 14034 falzse

using AdaBoost

positives.
. (
The Attentional Cascade
I Opl 0

+ Increases detection performance while reducing * 3% .o G %

the computation time G (B (
- Avery simple classifier can be built that rejects % 1* %! % ! %

many negative windows while keeping all [ +

positive ones 0 0
+ We could define a computational risk hierarchy a *3 ! ( %0 %,

nested set of classifier classes IH ! % % >
+ Initial simple classifiers minimize false positives ( G |

for later complicated classifiers %! /| H: ! % >
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