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AdaBoost for binary classification
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• Purpose of Boosting: sequentially apply the weak classification algorithm to repeatedly 
modified versions of the data, thereby producing a sequence of weak classifiers



Weak learner to strong learner?
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Figure for AdaBoost
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2 Robert E. Schapire

Given: (x1,y1), . . . ,(xm,ym) where xi 2X , yi 2 {�1,+1}.
Initialize: D1(i) = 1/m for i = 1, . . . ,m.
For t = 1, . . . ,T :
• Train weak learner using distribution Dt .
• Get weak hypothesis ht : X ! {�1,+1}.
• Aim: select ht with low weighted error:

et = Pri⇠Dt [ht(xi) 6= yi] .

• Choose at = 1
2 ln
✓

1� et

et

◆
.

• Update, for i = 1, . . . ,m:

Dt+1(i) =
Dt(i)exp(�at yiht(xi))

Zt

where Zt is a normalization factor (chosen so that Dt+1 will be a distribution).

Output the final hypothesis:

H(x) = sign

 
T

Â
t=1

at ht(x)

!
.

Fig. 1 The boosting algorithm AdaBoost.

in-depth exposition of most of the topics of this chapter, including more complete
references to the relevant literature, can be found in the recent book by Schapire and
Freund [30].

Pseudocode for AdaBoost is shown in Figure 1. Here we are given m labeled
training examples (x1,y1), . . . ,(xm,ym) where the xi’s are in some domain X , and
the labels yi 2 {�1,+1}. On each round t = 1, . . . ,T , a distribution Dt is computed
as in the figure over the m training examples, and a given weak learner or weak
learning algorithm is applied to find a weak hypothesis ht : X ! {�1,+1}, where
the aim of the weak learner is to find a weak hypothesis with low weighted error et
relative to Dt . The final or combined hypothesis H computes the sign of a weighted
combination of weak hypotheses

F(x) =
T

Â
t=1

atht(x). (1)

This is equivalent to saying that H is computed as a weighted majority vote of the
weak hypotheses ht where each is assigned weight at . (In this chapter, we use the
terms “hypothesis” and “classifier” interchangeably.)

2 Direct Application of VC Theory

We begin by considering how the general theory of Vapnik and Chervonenkis can
be applied directly to AdaBoost.

Theorem: training error drops exponentially fast
http://rob.schapire.net/papers/explaining-adaboost.pdf

Initial Distribution of Data

Train model

Error of model

Coefficient of model

Update Distribution

Final average

http://rob.schapire.net/papers/explaining-adaboost.pdf


Boosting fits an additive model
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Boosting for regression
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AdaBoost with exponential loss
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Why does boosting work?
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• AdaBoost can be understood as a procedure for greedily minimizing 
the exponential loss over T rounds:

- Why?

https://www.stat.berkeley.edu/~breiman/games.pdf
“Prediction games and arcing classifiers” [Leo Breiman, 1999]
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`(yi, h(xi)) = exp(�yih(xi))
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h(xi) =
TX

t=1

↵tht(xi)where

https://www.stat.berkeley.edu/~breiman/games.pdf


Interpretation of Adaboost
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• Choosing the first classifier

• Update at round t

<latexit sha1_base64="kK+iCutyouDjFKgEYg3EHqYAiMI="></latexit>

(↵1, ĥ1) = argmin
↵,h

mX

i=1

`(yi,↵h(xi)) = argmin
↵,h

mX

i=1

exp(�yi · ↵h(xi))

<latexit sha1_base64="+KLXxBFPvaEEMWwuFXy51BHIS7g="></latexit>

h̃t�1(x) =
t�1X

⌧=1

↵⌧ ĥ⌧ (x)

<latexit sha1_base64="ZjEpy8ONdUmWjJWIy+GckHG9rjk="></latexit>

(↵t, ĥt) = argmin
↵,h

mX

i=1

`(yi, h̃t�1(x) + ↵h(xi))

= argmin
↵,h

mX

i=1

exp(�yi · (h̃t�1(x) + ↵h(xi)))



Interpretation of Adaboost
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• Correcting the label for misclassified points 
- Giving those points higher weights when training classifier in future iterations

• We will solve h and 𝛼 separately

<latexit sha1_base64="F7YPCgCeK8UhZC8neCfUXcQW8Qc="></latexit>

(↵t, ĥt) = argmin
↵,h

mX

i=1

exp(�yi · (h̃t�1(xi) + ↵h(xi)))

= argmin
↵,h

mX

i=1

exp(�yih̃t�1(xi))| {z }
w(t)

i

exp(�yi · ↵h(xi))



Solving for h
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Solving for 𝛼
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• Now solve for 𝛼



AdaBoost weight update
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• Putting things together,

• Therefore, weights for next round are

<latexit sha1_base64="6h4CxJxkpIOlQHO2tmAvbuXEatc="></latexit>

ĥt = argmin
h

1
Pm

i=1 w
(t)
i

mX

i=1

w(t)
i 1[h(xi) 6= yi]

| {z }
errĥt

↵t =
1

2
ln

 
1� errĥt

errĥt

!

<latexit sha1_base64="rtC1z31WuBRFsoPs214Tdf3ESU8="></latexit>

w(t+1)
i = exp(�yi(h̃t�1(x) + ↵tĥt(x))

= exp(�yih̃t�1(xi))| {z }
w(t)

i

· exp(�↵tyiĥt(xi))



Why do we care about exponential loss?
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• Fisher consistent loss



Gradient boosting

18

• Consider a generic loss function
- E.g. squared loss, exponential loss

• Given current predictor , we aim to find new predictor h(x) so 
that the sum pushes the loss towards its minimum as 
quickly as possible

• Gradient boosting: choose h in the direction of the negative 
gradient of the loss

<latexit sha1_base64="/ab1ZqY6s8tOooVSobk2N1uPgiE="></latexit>

h̃t�1(x)
<latexit sha1_base64="4G4hDaZUgtf8UlgrSYCClXX/5PQ="></latexit>

h̃t�1(x) + h(x)



Gradient boosting
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• Fit a model to the negative gradients 

• XGBoost is a python package for “extreme” 
gradient boosting

- Folk wisdom: knowing logistic regression and 
XGBoost gets you 95% of the way to a winning 
Kaggle submission for most competitions

- State-of-the-art prediction performance
§ Won Netflix Challenge
§ Won numerous KDD Cups
§ Industry standard

Gradient boosting
Giventhe negative gradients - gcxi) , Gradient Boosting
we fit a model h to them to -

update our boosted model . start with an initial model
, e.g .

hi
,
LX)=nt§

,
Yi

The resulting method is called for b - 1,2, . . .

GRADIENT BOOSTING calculate negative gradients
XGBOOST is a python package for - glxi) = -Ollyiihb (Xi))

#

"extreme " gradient boosting . dhbcxi)

"

÷÷÷÷÷i÷÷÷÷÷÷÷: ÷÷:÷÷÷÷÷÷÷÷÷÷÷÷÷iwe find computationally to minimize the loss .
- Folk Wisdom

if hub, a hub
,
STOP

Willett & Chen (2020). “CMSC 35400: Machine Learning” 

https://voices.uchicago.edu/machinelearning/stats37710-cmsc35400-s20/
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