
Boosting

Decision Trees


Neural Networks
Notes are available

online ( see Piazza )



Boosting ,
Decision Trees

,

Neural Networks

* Revisit surrogate loss :
exp

- loss

* Boosting and
exp . loss connected

* Decision trees
,

exp
- loss

,

and boosting connected

* From boosted classifiers to Neural Networks.

Notes :

old . new view that is not
covered in one book

or a fewpapers
Intuitive

, simple ,

"

proof . free
"

( almost )

Focus on empirical loss L.gl#amPk
*



Exponential Loss

f :X → /R Ifcx )| - confidence in prediction

sign # ) - predicted outcome
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Predictors which can abstain

fcx )efl,o,+B f :X→£ho#}

no ye 's
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Calibrating Predictors

Assume that f : X → { to ,
+ if is given us

Need to find x such that Lejpcxfcxs )
Can use dt

,

d-

is minimized

. Process called calibration / rescaling / reweighing

Isl

min e- Yikfcx .

. , )

ac.ir#tE Yen



Search for d

* Exploit the fact that f :X → £1,0
,

+1 }

g. yS+={
it Yifcxittif

→ so={ ilyifexi )=o}
\

s
. ={ ilyifcxit - B$I=m

exp Lskf)=tmtZs+e "

t.EE
"

+ Is oe° )

Are we in a better shape ?



Closed form solution

Define µ = Kmt µ=lsmIµ=' Sgt
fraction fraction what do

correct mistake thy care

exp

Lfaf
)=µ+et+µea+µ .

Lcxf ) is convex in a Yeh ! Yey ! Cito !o=daLt=.met+ redd*=£lgtf÷m)
m

Nobody is perfect assumption : µ+
> oµ .

> o



Further Insights

If µ+=µ .

then to fcx ) is no better than

a random predictor

If µ
> µ ,

then a< o Negate the prediction
of f

Total Loss of xftx ) :

Lejbnf)=µe±ahgtf÷l+µe±hgtf÷)+µ
etzloga =

elogra =p

=µFh + MTI +Mo
µ+n .

+ not
= 25µF t ( I - µ.tm . ))



Total loss of af

LgMaf)=µe±ahgtf÷)+µe±hgtf÷)+µ
= A Fjt +µfhµ±+ µ

etztoga =
dogma =p

- M +
+ M .

+Mo =L

= 25µF + ( I -

µ*tµ
. ))

No normalization ⇒ me ,µ-µ



Post Calibration Loss

Lfnf )

=zµFf
+ ( i - Cµ+µ . ) )

= 1- ( µ+
- aft F- + M ) (f)

2

= 1 - ( if - oft
Hoss = loss before using f and after

sL=L(o ) - Lkf ) = ftp.t- of )2

Reduction in loss hasa closed form



Beyond a single predictor

1) Assume we calibrated x. hdx )

2) Provided with a second predictor hzcx )

3) Task : combine x. h
,

G) thzhzk ) = facx)
w

← v

If ,(× )
known provided

f
,

:X → ? th
, ,o,a , }

4) General case : given ftC×I=¥dihia ) &hµfx)

find at ,

⇒ fµf×kt¥adihiH
= # tduhdax )



Inductive Calibration

As before define :

SY
"

= { it kttfxil Hi }
sit"

= { i the # KTB
some { ilhttixito }

Generalize :

µ+=tmgzetiftki
)

tM=÷n¥e- Yifk ,
M@=tnfsqejyittail

-



Lffttfxl ) = µ e- ¥ "
+

µ
ethtt'

+ µ .

ftp.efttth#htY

Solution has the
same form !

the
,

=L (ft ) - LCE
. "

) = ( y
-off

( Mtn . tm )
-¢ # +MD



Importance Weights
.

* Given far ) define :

gt,
no EYIFEM importance weight:

r  a

howdifficultexampleC¥sy.

. ) is

* Often {qti } is normalized ¥.,qit=1

* Does not
change analysis and algorithm

* simply implies µt+µttµot=1
Which can be obtained by simple scalinging



Detour - SGD w/ Weights

L(w)=¥=
,

qificw ) set
. Eqt ; qi

> 0

Reduction : define §iCw)= qifilw )

use SGD on : In # ffcw)

Importance Sampling : batch size b

Sample b times such that example i is

chosen w/ probability qi



Boosting
Equivalent

Initialize : Fi q

'i=tm
foC×)=0 to previous

For t=l
,

... ,T :

lecture

Find that s .t
.Fgityihtai) is large

Partition : F H SI
,

Set
,

sot µt
µ

Calculate : L+=£|°gµ¥µ) not

%dat§nfxl=fd×
) +

dthcxl qµ={9ithtet⇒
gtj

"
=

. got etixthtcxi )
elite

"

htaikyi
qiedhtaittyi



Generalization

instead of ht :X → £1,0
,

+ 1} can use

limit the powerha (X ) C- fl ,
+ I ] of base predictors

where as before

Ihtcx ) | confidence

sign ( hdx) ) predicted outcome

s¥±{ ilyihtcxis>>o }

Soto
± { i I

yihtkito } No further changes

SEE{ i I %
. htkiko}

are required



Slide Can Be SkippedGeneralization #

Can replace exp - loss with log -
loss ( logistic - loss)

Lgt08Cf1-mmEloga-etifexiygtoHnEYifttiil_q.te-YiEhtail9it9ittltefp@facxijjq.t

+ a- got lek
' # Exit

Alternatively : EYE yiftfxi ) = Zit tyidthtexil

go.tt
' =ettI go.tt '= ( 1 + expczitt

'

) )t
z



Slide Can Be Skipped
Boosting

Log . loss
Initialize : Fi

q!=tm
foCH=0

confidence - rated
1- W .

H
.

For t=l
,

... ,T :
2

Find that s .t
.Fgityihtai) is large

Partition : F H SI
,

set
,

Sot

Calculate : Lt = 'zl°gµ¥µ)
Update :

fuk ) =

ftcxltdthtfxlgtf
'

=
. qtetiathtexil go.tt

'
= got ( got + ( 1. gitjeyitthtfxi ')

"



Detour - Linear Predictors at Abstention

f(× ) = WI ⇒ far ) at abstention I continues

in

*
it k

z - T z > J

WT×=z §CH= signczjazkr]+={ 0 IZKT

z+f z< if



Decision Trees

×
,

> a
At each leaf there exists

No yes
a confidence - rated predictor

Xz<5 3.2

5.

-405 ×s=G . g. a hex)={¥ant¥5nx=o
0 0 .W

.

1.4

-9;2~v
{ i:yi=+ig=µ5
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Growing Decision Trees

µ ,A

-5 xs=6 M+=µI+µ !

µ=µ+µr
1.4 -9.2 MF=µItµ

L
Mt=µ*r+µR

Minim. µr .pe,mr
Improvement in surrogate loss ?



Growing Pain Gain

Assume µ++µ .

=L for parent node ( normalization )

Exp - loss for parent node :

2%7
theory.IM#

Exp - loss for children :

v.aheadi. ( ¥
Gain no

ttrtnilteyni) - µrµr -

µyµ
K

Mt
>



Towards

Neural Networks

ffH= Iztdihtk ) ⇒
"

strong
"

hypothesis

Suppose each htcx ) is of the form :Zfwtox
) where 6 :lR→/R is non-linear

Examples :
zcz)

Zcz )={ ZotYater shrinkage

¥+8 z< if z

za

z⇐ ,=[
to zc⇒= eetE.EE

AZ z< 0 z

leaky RELV Sigmoid



"

Neuron
"

ZCW . × )

Z
• E

) . %
or Is 5 .

X
, Xz X 3×4 ×5

Xg



Multilayer perception CNN)

fcx )=Z( a. ZCW !× ) + UZZCW ?×)+U3Z(w3 . XD

pfcx
)

•

a a

§
3

• . • . • .

ijiig.gEE ifeng.es?I$iinEnagIf
X × X



You are likely to have
many

questions at this point .
. .

A few will be addressed @ IML

Many will be left unanswered

Since we don't know
. . .

the answer


