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Topic 10

N

"«Combining Multiple Classifiers
e\/0ting

eMixture of Experts

eBoosting

eAdaboost

eBased on material by Y. Freund, P. Long & R. Schapire




Tony Jebara, Columbia University

Combining Multiple Learners

N

"eHave many simp
eAlso called base

weak learners w
eCombine or vote

e learners
earners or

nich have a classification error of <0.5
them to get a higher accuracy

eNo free lunch: there is no guaranteed best approach here

eDifferent approaches:

Voting

combine learners with fixed weight
Mixture of Experts

adjust learners and a variable weight/gate fn

Boosting

actively search for next base-learners and vote

Cascading,

Stacking, Bagging, etc.
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Voting

"eHave T classifiers h, ()
eAverage their prediction with weights

T T
[ = thl o,h, (x) whereo, > 0and th1 a, =1

oL ike mixture of experts but weight is constant with input
y
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Mixtures of Experts

"eMixture of Gaussians is a complicated generative model
from many simple Gaussians work together

eIn many learning problems, a complicated classifier or
regression model can be seen as many simpler
classification / regression mini-models working together

eConsider complicated general question X, want answer Y
o\We have a panel of simple specialized Experts:

g Doctor @ Lawyer ‘ Mechanic

eEach expert takes X and gives an answer Y

o\\Ve want to take their answers and combine them

eGate or Vote on each Expert’s answer depending on their
expertise or confidence in domain X (car, medicine, law)

5% No 5% @ No 90%‘ Yes
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Mixture of Experts

N

"eHave T classifiers or experts h, () and a gating fn o, (@
eAverage their prediction with variable weights
eBut, adapt parameters of the gating function

and the experts (fixed total number T of experts)

(@) = Z; o, () h, () wherea, (x) > 0and Z;(xt (r) =1

Output
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N

Mixture of Experts
J-Suppose we have several linear experts

4
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N

eAlso each has a Gaussian noise p(y)
N © ®.

»
»

\

N(ylw +0z0)  N(ylp, +0mo;)  N(ylp, +0z0)
eAlso have Gaussian gates that vote for each expert
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Mixtures of Experts

N
N

eSuppose each Expert is a Gaussian which does regression
eRecall a Gaussian conditioned gives linear model

e, X ux]

Ky

-1
X

Yy

z] W,

Ky

1

-3,

P(@:Y) = Gy OXP s s

Ty vy

e\We can view a conditioned mixture of Gaussians
as a mixture of linear experts and Gaussian gates...
plylz)=>", fle}éfaf;) N (yln, +5,5.) (z—p,),5, - 5,55,
oBut, we only ‘trust’ them for certain values of X
eCan now consider other non-Gaussian experts and non
Gaussian gates, for example each expert = NeuralNet
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Mixture of Experts

N

J’Use EM for Max Likelihood () = ZilongGatek (a:i)Expertk (yi | '
eGates can be Gaussian, Neural Net, etc.

eEach Expert can be linear, Neural Network, etc.

eUse EM with Gates & Experts to conquer and divide data
eUpdate the Gates & Experts with weighted data

eWeighted max likelihood/gradient descent/backprop

Output

B> (3| (3 ‘.

t )

Input
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Learning Mixture of Experts

N

J-Example: linear experts with softmax gating

- i i exp(d)]fﬂi—f—bk)
eSoftmax gates (Logistic):  Gate, (z') = S exp(ofz +b,)

eLinear experts (Gaussian): Ezpert, (y|z)=N(y|p, + 6 z,0})
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Complex Data Green & Red Experts

0.4

Red Gate

eExperts get data conditionally on Gates
oIf we new which expert got which data, we could train
them separately. Conquer and Divide just like EM...
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EM for Mixture of Experts

N

"eIn mixture of Gaussians, roll the dice /@\
with a to pick which bump and then
sample from it to get (x,y)

eIn mixture of experts, look at x to

get a(x). Roll the dice to pick an expert.
Gives y sample from x (with noise). @\
Zk(xk (x) =1 Q, (x) >0 |

oE-step: e Gate, (jS)EilJp@Ttk (yz |xz>
£ ZkGatek (azi)Expertk (yi |x2)

*M-step. _ Expert: max, Zz Zk Tj{; log Lzpert, (yi | xl>
Learn Individually , ,
Could be Neural Nets ™ Gate: max, Z Zk T log Gate, (x)

Get weighted Backprop
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Boosting

;
\V

eActively find complementary or synergistic weak learners
eTrain next learner based on mistakes of previous ones.

eAverage prediction with fixed weights
oFind next learner by training on weighted versions of data.

training data
(x17y1)7“‘7(xN7yN>

weak rule
weak learner b, (2)

| > Zil 'wz.step(—ht (xz)yl) 1

N <§_

w;

> i=1

{w ‘ T } e{n(semb)le of(learne)is .
po0ees Wy g OL,hl gerey | QX ,h

weights 1 | o I"Z;%ht ()
prediction
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AdaBoost

N

"eMost popular weighting scheme :
eDefine margin for point i as yiztzlatht (z;)
eFind an h, and find weight a, to min the cost function

ZL eXP<—?J¢0Ltht (%)) sum exp-margins
training data
(fBl»?Jl)»--~»($N,yN)} weak rule

| weak learner

> Zilwistep<—ht (azz)yz) _ 1
N

W,
‘ > = I

{w T } e{n(semb)le of(learne)is .
p30ees Wy g Q 7h1 gerey | QX ,h
weights : | S I"Z;%ht ()

prediction

— b, @
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AdaBoost

N

L/ . N
«Choose base learner & a;to |min, , > " exp(—yo b (z,))
eRecall error of

[ [ N
base classifier hy must be 2o, wsten(=hy(w)u) 1
=

Zi\; W 2
eFor binary h, Adaboost puts this weight on weak learners:
(instead of the

more general rule)

1—¢,

e
o, = 31n
gt

eAdaboost picks the following for the weights on data for
the next round (here Z is the normalizer to sum to 1)

b1 w; exp <_0Ltyih’t (%))
e Z

t

w
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Decision Trees

Y
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Decision tree as a sum

sign
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An alternating decision tree

sign

(

Y<1
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N

Example: Medical Diagnostics

e Cl eve dataset from UC Irvine database.

*Heart disease diagnostics (+1=hedlthy,-1=sick)

13 features from tests (rea valued and discrete).

*303 Instances.
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Ad-Tree Example

Al_.-'-- ‘.' ..i .-"._.‘

1: thal = normal 2: number-vessels-colored = 0 3: chest-pain-type is asymptomatic 4: oldpeak < 2.45
Y Y
5: cholesteral < 240.5 6: sex = female

”
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Cross-validated accuracy

6 | 17.0% | 0.6%
27 | 27.2% | 0.5%
446 | 20.2% | 0.5%
16 | 16.5% | 0.8%




AdaBoost Demo
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AdaBoost Demo

N




AdaBoost Demo

N
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AdaBoost Demo

N
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o 3=U.92
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AdaBoost Demo
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AdaBoost Convergence

< L ogitboost *
eRationale? Loss
eConsider bound on Brownboost
the training error: 0-1Toss
N - — v .
Remp i % i1 step (_yzf (332)) Mistakes I\/Iargln
LW Correct
< ¥ 22:1 eXp (—yzf (%)) exp bound on step
N T
— Zizl CXp (_yiztl oy (% )) definition of f(x)
T
-~ thl Z, recursive use of Z

eAdaboost is essentially doing gradient descent on this.
eConvergence?
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AdaBoost Convergence

L/
eConvergence? Consider the binary h, case.
Remp < 1 ..thl Zt — Hthl ?—1 w: €Xp <_0Ltyiht <$Z>>

%yiht(%)
T Ny £,
- t 12' 1wi eXp
A A= 1=
1—&,

In

yiht(mi)
T N e
I X
t=1 =1 ! 1 —
T t Et t 1 a0 Et
T Ht—l [Z cccccc t wi + Zi ccccccc t wi

1—c¢, 3

=TT 2 (=2 =T (1 - 4%) < exp (23" )

R,,, < exp(—QZﬂ?) < eXp(—QTNQ)
So, the final learner converges exponentially fast in T if
each weak learner is at least better than gamma!
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Curious phenomenon

error

. tran
10 100 1000

# of rounds (T)

10,000 2,000,000
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Explanation using margins

0-1loss
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Explanation using margins

.

0-1loss S

_ Margin
- i g
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Experimental Evidence

1.0-

0.5-

L 1 1 1 1 1 1 1 1 1 1 1 el

margin (&)
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AdaBoost Generalization

N

J-Also, a VC analysis gives a generalization bound:

Td (where d is VC of
i< K, + O[ N base classifier)

eBut, more iterations  overfitting!
eA margin analysis is possible, redefine margin as:

Yy, ouh (@

Zt‘ut‘

N
Then have R < %Zstep(@ — mar; (xz,yl)) + O[‘/]\;i92 J
1=1

mar; (,y) =
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AdaBoost Generalization

N

J-Suggests this optimization problem:

%

—

Margin




Tony Jebara, Columbia University

AdaBoost Generalization

TeProof Sketch
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UCI Results
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0% test error rates

Cleveland 27.2 (DT) 16.5 39%
Promoters| 22.0 (DT) 11.8 46%

Letter 13.8 (DT) 3.5 74%
Reuters 4| 5.8, 6.0, 9.8 2.95 ~60%
Reuters 8 |11.3, 12.1, 13.4 7.4 ~40%




