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Ensembles of trees

BAGGING and
RANDOM FORESTS

A learn manybig trees

A eachtree aims to fit
the same targetconcept
T random training sets
I randomized tree growth

A votingF I @SNI IAYy3Y
DECREASE in VARIANCE
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Ensembles of trees

BAGGING and
RANDOM FORESTS BOOSTING
A learn manybig trees A learn manysmall trees
(weak classifiers)
A eachtree aims to fit ASIOK {(NBStowa L
the same targetconcept different part of target
T random training sets concept
i randomized tree growth i reweight training examples

i higher weights where still errors

A votingF I @S NJ 3 A y A votingincreases expressivity:
DECREASE in VARIANCE DECREASE in BIAS

Boosting

A boosting = general method of converting
rough rules of thumb (e.qg., decision stumps)
into highly accurate prediction rule
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Boosting

A boosting = general method of converting
rough rules of thumb (e.g., decision stumps)
into highly accurate prediction rule

A technically:

i assumegiverr o S| | ¢ f S| Nihat¢an | f 32
consistenthyU y ®f I & ANHE NBa patleast K dzY d
slightly better than random, say, O O dzNJ O& % p
(in two-class setting)

i givena dzY O datyaiboosting algorithm can provably
constructsingleO f | & with & Ngh accuracysay99%

A Formal Description of Boosting

e given training set  (x1,¥1)s ... (Xms ¥Ym)
e y; € {—1,+1} correct label of instance x; € X
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A Formal Description of Boosting

e given training set  (x1,¥1).-- .. (Xm,¥Ym)

e y; € {—1,+1} correct label of instance x; € X

A Formal Description of Boosting

e given training set  (x1,¥1).-- - (Xms ¥Ym)
o y; € {—1,+1} correct label of instance x; € X

construct distribution D¢ on {1,..., m}

find weak classifier (“rule of thumb")

he : X — {—1,+1}

with small error €; on Dy;: /
€t = Prl'NDr[hI‘(xi) # YI]

WEkHTED ER LOQ_
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A Formal Description of Boosting

e given training set  (x1,¥1), ..., (Xm,¥m)

e y; € {—1,+1} correct label of instance x; € X

find weak classifier (“rule of thumb")
het X — {—1,+1}

with small error ¢; on D;:

€t = Priwp,[h:(xi) # il
e output final classifier Hgya

AdaBoost [Freund-Schapire 1995]

e constructing D;:
Di(i)=1/m

11/9/2009



AdaBoost

e constructing Dy:
. Dl(l) = l/m

[Freund-Schapire 1995]

given D; and hy: (ST Lt
~ _ D:(i) e~ if y; = he(x;)
il = g { f yi # helx)
T RO V(4
*4>0
AdaBoost [Freund-Schapire 1995]
e constructing D;:
» Di(i)=1/m
given D; and hy:
Biill) = 22l { e ifyi = hi(xi) : myileyGrd-
Zy e ifyi # he(xi) . e
Dy(i) P ’(\'\t'\
- tZ exp(—m@h‘g(x,-\))
t

= z~\J«' &:S
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AdaBoost [Freund-Schapire 1995]

e constructing D;:

® Dl(l) = 1/m
« given D; and h;:

~ _ D(i) e~ if yi = he(x)
Deya(i) = ?t A { et if yi # he(x;)
De(i)

= T exp(—a yi he(xi))

where Z; = normalization constant
]. — €¢

1
Ay = 3 In o 0 oce - ('sb
Lag e — = s I
& oy WEIGR TEd 200t
MORE @N\HT WEBMUAHAT G\ AT OF Lo,

WEGHT WRow(x

AdaBOOSt [Freund-Schapire 1995]

e constructing D;:
o Dl(l) = l/m
« given D; and hy:

Diya(i) = 20 X { g T gp=E)

Z e if y; # he(x)
Dt(l')

— Z, exp(—a yi he(xi))

where Z; = normalization constant

(1t:%|n (i) >0
Gt LaRLoER.

e final classifier: A>/ \C Ly Molls

* Hiinai(x) = sign <Z®ht(x) Qoo
t
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Toy example

.’)I

weak classifiers= decision stumps
(vertical or horizontal halplanes)

€1=0.30
[¢] l:().42
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£9=021
(12=0.(}5

£3=(.14
(13=().92
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Final classifier

[OL\ O(L [’(s

H =sign | 042
final ¢

A typical run oAdaBoost

20- deuision
oe
/ MELEnETATIOY

C4.5 test error

e

o -

510 (boostlnon

N test “letter” dataset)

o . \_train _

10 100 (1000 TEST padol oS T
# of rounds (1) R S<edT L
Com e Vv
ComPLE x 1% LM wsd< Vbh&

A training error rapidly drops
(combining weak learners increases expressivity)
A test error does not increaswith number of treesT
(robustnesgo overfitting)
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Bounding training error

Training error of final classifier is bounded by: codant
o0 prrol VR GTH
1 m £ 1 m ﬂ{ Vot
erftrain(H) = - > 6(H(xi) # yi) < o > exp(—y;f(;))
=1 i=1
T
where f(x) = Z arhy(x); H(x) = sign(f(x)).
t=1

Bounding training error

Training error of final classifier is bounded by:

m m T

ertirain(H) =~ 3 6(H () # ) < - exp(-uif @) = [[ %
i=1 =1 Pt

T
where f(x) = Z arhe(x); H(z) = sign(f(x)).

t=1
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Bounding training error

Training error of final classifier is bounded by:

L1 1 !
errtan(H) = — Y 6(H() #y) < - > exp(—uifa) = ][ %
— i t=1

mi=1 =1 =

-
where f(z) = Z athe(x); H(xz) = sign(f(x)).

t=1

Last step can be proved by unraveling the definition of D;(i):

Dy (i)exp(—y;och(x;))

Dyyq(i) = Z
o lexp(—yif(x))
UT+1(1) — 7%
mo =1 Zi

Optimizing o,

By minimizing T[; Z;, we minimize the training error.
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Optimizing o,
By minimizing T[; Z;, we minimize the training error.

We can tighten this bound greedily, by choosing
a; on each round to minimize 7;:

m

Zy = Di(i)exp(—yjathi(z;))
e

= F <
O™
Dt

OE T 0POXNE

Optimizing o,
By minimizing [[; Z;, we minimize the training error.
We can tighten this bound greedily, by choosing
«; on each round to minimize 7;:
m

Zy =3 Di(i)exp(—yothi(x;))

Since h(z;) € {—1,1}, we can find this explicitly:

2= WD D)

A
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Optimizing o,

By minimizing [[;, Z;, we minimize the training error.

We can tighten this bound greedily, by choosing
«; on each round to minimize Z;:

m

Zy =Y Di(i)exp(—yjathi(z;))
i=1

Since hy(xz;) € {—1,1}, we can find this explicitly:
2 Q?MELT

1 (1—6,')
o = In
2 €t

Lo L

Optimizing o,

By minimizing []; Z;, we minimize the training error.

We can tighten this bound greedily, by choosing
«¢ on each round to minimize Z;:

m

Zy =" Dy(i)exp(—yathi(x;))
i=1

Since hy(z;) € {—1,1}, we can find this explicitly:

il 1—-(f
Q :—In( >
2 €

Intuition: In each round, we adjust example
weights, so that the accuracy of the last rule
of thumb h; drops to 50%.

~+
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