
Boosting and 
Additive Models

 



Boosting

• 1988 Kearns and Valiant: “Can weak learners be 
combined to create a strong learner?” 

Weak learner definition (informal): 

An algorithm A is a weak learner for a hypothesis class H that maps X to
{�1, 1} if for all input distributions over X and h 2 H, we have that A correctly
classifies h with error at most 1/2� �

• 1990 Robert Schapire: “Yup!” 

• 1995 Schapire and Freund: “Practical for 0/1 loss” AdaBoost 

• 2001 Friedman: “Practical for arbitrary losses” 

• 2014 Tianqi Chen: “Scale it up!” XGBoost



Additive models

• Given: 

• Generate random functions: 

• Learn some weights: 

• Classify new data:  
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{(xi, yi)}ni=1 xi 2 Rd, yi 2 {�1, 1}

�t : Rd ! R t = 1, . . . , p

f(x) = sign

 
pX

t=1

bwt�t(x)

!

An interpretation:
Each �t(x) is a classification rule that we are assigning some weight bwt

bw = argmin
w

nX

i=1
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is in general computationally hard



Forward Stagewise Additive models

b(x, �) is a function with parameters �

b(x, �) = �11{x3  �2}

Examples:

Idea: greedily add one function at a time

b(x, �) =
1

1 + e��T x



Forward Stagewise Additive models

b(x, �) is a function with parameters �

b(x, �) = �11{x3  �2}

Examples:

Idea: greedily add one function at a time

b(x, �) =
1

1 + e��T x

AdaBoost: b(x, �): classifiers to {�1, 1}

L(y, f(x)) = exp(�yf(x))
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Boosted Regression Trees: L(y, f(x)) = (y � f(x))2



Forward Stagewise Additive models

b(x, �) is a function with parameters �

b(x, �) = �11{x3  �2}

Examples:

Idea: greedily add one function at a time

b(x, �) =
1

1 + e��T x

Boosted Regression Trees: L(y, f(x)) = (y � f(x))2

Efficient: No harder than learning regression trees!



Additive models

• Boosting is popular at parties: Invented by theorists, 
heavily adopted by practitioners. 

• Computationally efficient with “weak” learners. But 
can also use trees! Boosting can scale. 

• Gradient boosting generalization with good software 
packages (e.g., XGBoost). Effective on Kaggle 



Additive models

https://twitter.com/fchollet


Bagging versus Boosting

• Bagging averages many low-bias, lightly 
dependent classifiers to reduce the variance 

• Boosting learns linear combination of high-bias, 
highly dependent classifiers to reduce error
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Clustering 
K-means
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Clustering images

[Goldberger et al.]

Set of Images



Clustering web search results



Some Data



K-means

1. Ask user how many 
clusters they’d like. 
(e.g. k=5) 
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Center “owns” a set of 
datapoints)
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K-means

1. Ask user how many 
clusters they’d like. 
(e.g. k=5)  

2. Randomly guess k 
cluster Center 
locations 

3. Each datapoint finds 
out which Center it’s 
closest to. 

4. Each Center finds the 
centroid of the points 
it owns… 

5. …and jumps there 

6. …Repeat until 
terminated!



K-means

• Randomly initialize k centers 

–  µ(0) = µ1(0),…, µk(0) 

• Classify: Assign each point j∈{1,…N} to 
nearest center: 
–   

• Recenter: µi becomes centroid of its point: 
–    

f time



Does K-means converge??? Part 1

• Optimize potential function: 

• Fix µ, optimize C



Does K-means converge??? Part 2

• Optimize potential function: 

• Fix C, optimize µ



Vector Quantization, Fisher Vectors

1. Represent image as grid of patches 
2. Run k-means on the patches to build code book 
3. Represent each patch as a code word. 

Vector Quantization (for compression)
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Vector Quantization, Fisher Vectors

1. Represent image as grid of patches 
2. Run k-means on the patches to build code book 
3. Represent each patch as a code word. 

Similar reduced representation can be used as a feature vector

Vector Quantization (for compression)

Coates, Ng, Learning Feature Representations with K-means, 2012

Typical output of k-means  
on patches


