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Ensemble Learning

Consider a set of classifiers 4, ..., hy

Idea: construct a classifier H(x) that combines the
individual decisions of 4, ..., hy
e e.g., could have the member classifiers vote, or

* e.g., could use different members for different regions of the
instance space

Successful ensembles require diversity

* C(Classifiers should make different mistakes
e (Can have different types of base learners



How to Achieve Diversity

* Avoid overfitting
— Vary the training data

* Features are noisy

— Vary the set of features

Two main ensemble learning methods
* Bagging (e.g., Random Forests)
* Boosting (e.g., AdaBoost)
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Random Forest Algorithm

1. Forb=1 to B:

(a) Draw a|bootstrap sample|Z* of size N from the training data.

(b) Grow a random-forest tree T}, to the bootstrapped data, by re-
cursively repeating the following steps for each terminal node of
the tree, until the minimum node size n,,;,, 1s reached.

1. Select|m variables at random|from the p variables.

ii. Pick the best variable/split-point among the m.

1. Split the node into two daughter nodes.
2. Output the ensemble of trees {T},} 5.
To make a prediction at a new point x:
Regression: fB( r) = & ZB 1y ()
Cqres. < Jes = B b=1 Lb\L)-

Classification: Let Cy(z) be the class prediction of the bth random-forest
tree. Then CEB(x) = majority vote {Cy(x)}P.

If m=p, this is equivalent to Bagging
with Decision Trees as base learner



Overview of AdaBoost
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FIGURE 10.1. Schematic of AdaBoost. Classifiers are trained on weighted ver-
sions of the dataset, and then combined to produce a final prediction.



Boosting [Shapire ‘89]

* Idea: given a weak learner, run it multiple times on (reweighted)
training data, then let learned classifiers vote

* On eachiteration t:

— weight each training example by how incorrectly it was
classified

— Learn a weak hypothesis — h,
— A strength for this hypothesis — a

* Final classifier: | H(X) = sign(Jat ht(X))

Convergence bounds with minimal assumptions on weak learner

If each weak learner 4, is slightly better than random guessing (¢,< 0.5),

then training error of AdaBoost decays exponentially fast in number of
rounds T.




AdaBoost

1: Initialize a vector of n uniform weights wy

2: fort=1,..., T
3: Train model h; on X,y with weights wy
4: Compute the weighted training error of A
5: Choose 3¢ = = 1In (ﬂ)
, 5 <

6: Update all instance weights:

W41, = Wwei €XP (—Bryihe(Xq))
7 Normalize w11 to be a distribution

8: end for
9: Return the hypothesis

T
H(x) = sign <Z Jtht(x))
t=1

* Size of point represents the instance’s weight



N

AdaBoost

. Initialize a vector of n uniform weights wy

cfort=1.....T

3: Train model h; on X,y with weights wy
4 Compute the weighted traming error of /i
5:  Choose 3; = +In (1_—6‘)
. 5 .

6: Update all instance weights:

Wy, = Wi exp (—Pryihi(X;))
7 Normalize w;11 to be a distribution
8: end for

: Return the hypothesis

T
H(x) = sign (Z .3tht(x)>
t=1

* [, measures the importance of h,

e If €t < 05, then /81‘ > 0

(can trivially guarantee)



AdaBoost

1: Initialize a vector of n uniform weights wy
2: fort=1,..., T
3:  Train model h; on X,y with weights wy
4: Compute the weighted training error of h;
5% Choose 3; = £ In ( ﬂ)
‘ 5 <

6: Update all instance weights:

w14 = Wy i exp (—Lryihe(Xi))
7 Normalize w;11 to be a distribution

end for
: Return the hypothesis

T
H(x) = sign (Z .3tht(x)>
t=1

« Weights of correct predictions are multiplied by e~ <1
* Weights of incorrect predictions are multiplied by ePt > 1
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AdaBoost

1: Initialize a vector of n uniform weights wy
2: fort=1,..., T
3: Train model h; on X,y with weights wy
4: Compute the weighted traming error of hy
5% Choose 3; = 1 In (ﬂ)
‘ 2 €t

6: Update all instance weights:

Wwii1,; = Wi Xp (—Beyihe(Xi))
7 Normalize w;11 to be a distribution
8: end for
9: Return the hypothesis

T
H(x) = sign (Z 3t/1t(X))
t=1

* Compute importance of hypothesis f;
* Update weights w,
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AdaBoost

. Initialize a vector of n uniform weights wy

DO |

cfort=1.....T

CU W

_O_‘.v

Train model h; on X,y with weights wy
Compute the weighted training error of h;

Choose 3y = %h] (ﬂ)

€t
Update all instance weights:
Wi41,i = Wt €XP (—,Bt,yz' ht(xi))
Normalize w¢.1 to be a distribution
end for
: Return the hypothesis

T
H(x) = sign [ > Bhi(x)
t=1
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AdaBoost

1: Initialize a vector of n uniform weights wy
2: fort=1.....T
3: Train model h; on X,y with weights wy
4: Compute the weighted training error of hy
5% Choose f3; = + In (1_—6‘)
: Z €t

6: Update all instance weights:

Wty1,4 = Wty exp (—;‘_)’ty‘,;ht(xi))
7 Normalize w¢11 to be a distribution
8: end for
9: Return the hypothesis

T
H(x) = sign (Z ,3tht(x))
t=1

* Compute importance of hypothesis f;
* Update weights w,
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AdaBoost

1: Initialize a vector of n uniform weights wy

2: fort=1,....T
3: Train model h; on X,y with weights wy
4: Compute the weighted training error of h;
5: Choose 3; = %ln (ﬂ)
. p

6: Update all instance weights:

Wt41,i = Wt 3 €XP (—Btﬂyiht(xi))
7 Normalize w11 to be a distribution
8: end for

9: Return the hypothesis

T
H(x) = sign (Z ,x?tht(x))

t=1

* Final model is a weighted combination of members

— Each member weighted by its importance
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AdaBoost

INPUT: training data X,y = {(x;, vi) }"

1=1>
the number of iterations 71’

1: Initialize a vector of n uniform weights w; = [7—11 R
2. fort=1.....T
3: Train model h; on X,y with instance weights wy
4: Compute the weighted training error rate of h;:
€t = E Wt,i
ity Fhe(x;)
5% Choose 3; = %ln (ﬂ)
. <,
6: Update all instance weights:
Wiy = we; exXp (—Pyihe(x;)) Yi=1,....n
7 Normalize w1 to be a distribution:
'lUt 1.i .
Wii1i = = +1t Vi=1,...,n
Zj:l u"t-l—l,j
8: end for
9: Return the hypothesis .
Y1 p Greedy Algorithm
H(x) = sign E Bihy(x)
t—1 15



Train with Weighted Instances

* For algorithms like logistic regression, can simply
incorporate weights w into the cost function

— Essentially, weigh the cost of misclassification differently
for each instance

n

Jeea(0) = = > wi [yilog he(x;) + (1 = yi) log (1 — he(x:))] + All6p1.qll5
1=1

* For algorithms that don’t directly support instance

weights (e.g., ID3 decision trees, etc.), use weighted
bootstrap sampling

— Form training set by resampling instances with
replacement according to w
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Properties

* |f a pointis repeatedly misclassified
— Its weight is increased every time

— Eventually it will generate a hypothesis that
correctly predicts it

* |n practice AdaBoost does not typically overfit
* Does not use explicitly regularization



Resilience to overfitting

20-

: AdaBoost on OCR data with
- Test

C4.5 as the base learner

—
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10 100 1000
rounds of boosting
* Empirically, boosting resists overfitting
* Note that it continues to drive down the test error
even AFTER the training error reaches zero

Increases confidence in prediction when adding more rounds
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Base Learner Requirements

 AdaBoost works best with “weak” learners
— Should not be complex
— Typically high bias classifiers

— Works even when weak learner has an error rate just
slightly under 0.5 (i.e., just slightly better than random)

* Can prove training error goes to 0 in O(log n) iterations

 Examples:

— Decision stumps (1 level decision trees)
— Depth-limited decision trees

— Linear classifiers
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AdaBoost with Decision Stumps

Training data Classified data




AdaBoost in Practice

Strengths:
* Fast and simple to program
* No parameters to tune (besides T) Learn with Cross-Validation

* No assumptions on weak learner Error less than %

When boosting can fail:

* Given insufficient data
* Overly complex weak hypotheses
* Can be susceptible to noise

* When there are a large number of outliers
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Boosted Decision Trees

. Error Rates on 27
* Boosted decision trees are one of Benchmark Data Sets

the best “off-the-shelf” classifiers
— i.e., no parameter tuning

* Limit member hypothesis
complexity by limiting tree depth
* Gradient boosting methods are

typically used with trees in R IR W
practice boosting C4.5

“AdaBoost with trees is the best off-the-shelf classifier in the world” -Breiman, 1996
(Also, see results by Caruana & Niculescu-Mizil, ICML 2006)

22



Bagging vs Boosting

Bagging

Resamples data points

Weight of each classifier
is the same

Only variance reduction

Applicable to complex
models with low bias,
high variance

VS.

Boosting

Reweights data points (modifies their
distribution)

Weight is dependent on
classifier’s accuracy

Both bias and variance reduced —
learning rule becomes more complex
with iterations

Applicable to weak
models with high bias,
low variance
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Review

* Ensemble learning are powerful learning methods

— Better accuracy than standard classifiers

* Bagging uses bootstrapping (with replacement),
trains T models, and averages their prediction

— Random forests vary training data and feature set at
each split
* Boosting is an ensemble of T weak learners that
emphasizes mis-predicted examples

— AdaBoost has great theoretical and experimental
performance

— Can be used with linear models or simple decision trees
(stumps, fixed-depth decision trees)



Roadmap to End-of-Semester

* Deep Learning
— Motivation
— Feed-Forward Neural Networks
— Convolutional Neural Networks
— Training by backpropagation

« SVM
— Optimal linear classifier
— Kernel SVM: non-linear classifier

* Adversarial learning



History of Deep Learning

Deep Neural Network

(Pretraining)
Multi-layered m R

XOR Perceptron A
ADALINE Problem (Backpropagation)
A A
A
Perceptron
Golden Age ~ DarkAge (Al Winter”)
Electronic Brain

1950 1960 1970 1980 1990 2000

S. McCulloch - W. Pitts F. Rosenblatt B. Widrow - M. Hoff D. Rumelhart - G. Hinton - R. W|I|ams V. Vapnik - C. Cortes

Ll AgeN sy Foward Activity == " i ®
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+'+] 2 NGRS ] - ° 1
x/ \|1 \.l x/ ! \.\ l | 4—— Backward Error
+ Adjustable Weights * Learnable Weights and Threshold + XOR Problem » Solution to nonlinearly separable problems  + Limitations of learning prior knowledge * Hierarchical feature Learning
» Weights are not Learned + Big computation, local optima and overfitting « Kernel function: Human Intervention
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Before 2013

# The first learning machine: the Perceptron
» Built at Cornell in 1960

# The Perceptron was a linear classifier on
top of a simple feature extractor

# The vast majority of practical applications
of ML today use glorified linear classifiers
or glorified template matching.

N
# Designing a feature extractor requires y=sign Z W E ( Y ) +h
considerable efforts by experts. < — A A

| 10)0eJ}X] 2iNn}ea4 |

~
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Deep Learning

# The traditional model of pattern recognition (since the late 50's)

» Fixed/engineered features (or fixed kernel) + trainable
classifier

hand-crafted
Feature Extractor

“Simple” Trainable
Classifier

Trainable
Feature Extractor

Trainable
Classifier
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Trainable Feature Hierarchy

@ Hierarchy of representations with increasing level of abstraction
& Each stage is a kind of trainable feature transform

# Image recognition
» Pixel - edge - texton —» motif - part - object

M Text
» Character -» word - word group — clause - sentence — story

& Speech

» Sample - spectral band - sound - ... - phone - phoneme -
word —y——

wioysues|
21nyea4 d)qeules]
wJiojsues|
2Inyea4 d)qeules]
LwJlojsuel)
aInyea4 d)qeules]
wJlojsues]
ainjea4 9yqeulel]
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Learning Representations

Visible laver

{[tnpul pixels)

Deep Learning addresses the problem of
learning hierarchical representations
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Deep Learning vs Traditional Learning
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The Visual Cortex is Hierarchical

# The ventral (recognition) pathway in the visual cortex has multiple stages

# Retina - LGN - V1 - V2 - V4 - PIT - AIT ....
# Lots of intermediate representations

WHERE? (Motion,
Spatial Relationships)

[Parietal stream]

WHAT? (Form, Colaor}
[Inferotemporal stream|
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120-160 msopm

100-130 ms PFC

High level object
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e .
~————> To spinal cord

~<————To finger muscle <« __——160-220 ms
180-260 ms ) )
[picture from Simon Thorpe]

[Gallant & Van Essen]
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