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Summary of this lesson

N
—

do not beli eve the news i1 n to
Then | bel i eve. 0
-Ludwig Wittgenstein

How can we learn from multiple models together?

*This lesson refers to chapter 9 of the GIDS book
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Content of this lesson

Wisdom of the Crowd
Bagging & Boosting

Stacking and Cascade
Generalization

Cascading and Delegating

Tree Ensembles and Random
Forest

AdaBoost
Gradient Boosted Trees
Practical Examples
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Datasets

Datasets used : adult dataset

ARandom Forest, Gradient Boosted Trees, and Tree Ensemblefihttps://kni.me/w/Ueg3QR9hty80sh2E
Random forest
Gradient boosting

boosted trees) are trained on the adult dataset to predict the feature income
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Ensemble Models

Gener al | dea: take advantage of tnh

(I'raining of many weak classifiers (or regression models) A

Combining them to construct a classifier (regression model) more

accurate than any of the individual ones
\_ J

Leads to a more accurate and robust model

Interpretation of an ensemble learning model is difficult
Since it consists of many models!
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Wisdom of the Crowd



Wisdom of the Crowd

The smartest guy in the room

Crowd wiser than any
individual

A When?

A For which questions?

The crowd

The collective knowledge of a diverse and independent body of people
typically exceeds the knowledge of any single individual and can be
harnessed by voting.
http://www.csc.kth.se/utbildning/kth/kurser/DD2431/ml11/schedule/07-ensamble.pdf
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Wisdom of the Crowd: Scenario

Ask each person in the crowd:

Will Mr. X win the general election in country Y?

The Crowdds prediction
MAJORITY answer.

This crowd predicts No. (Mr. X will not win the
election.)
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Wisdom of the Crowd: Scenario

Has the crowd made a good prediction?

Composition of crowd:
30% EXPERTS.
70% NON-EXPERTS.

and their level of expertise:
P(correct predictlexpert) = n
P(correct predict|non-expert) =1
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Wisdom of the Crowd: Scenario

Lety Tt@andn Ti®

For a random person from the crowd
P(correct predict|individual) = &1 1M i@
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Wisdom of the Crowd: Scenario

Lety 1@ andn i@
For a random person from the crowd
P(correct predict|individual) =n 1™ W

If crowd contains 50 independent people:
P(correct predict|crowd)

(Ub’)h gp 1) map X T v

(This crowd has made a prediction with probability .875 of
being correct whichis ).

\It IS wiser than each of the experts!
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Wisdom of the Crowd

Ensemble of predictors often outperform individual predictors

Consider a majority voting of 5 independent classifiers in a binary
classification problem.

Each predictor, the error probability is 0.3
Probability of three or more predictors yielding a wrong result (i.e., the

majority misclassifies) is very low:
(Yo g mErwx T

Substantial reduction in error rate!
In reality, classifiers are rarely independent of each other
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Why didnot | jJust asked a bunch of

Large enough crowd

C high probability that a sufficient number of experts will be in crowd (for any
guestion).

Random selection
Cdondét make a biased choice in exper

For some questions it may be hard to identify a diverse set of experts
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For a random crowd

Given a random gquestion expect each person to have a different
level of expertise.

Will it rain tomorrow?
redness proportional to expertise
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For a random crowd

Given a random gquestion expect each person to have a different
level of expertise.

Will the world go down in December?
redness proportional to expertise
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What makes a crowd wise?

According to James Surowiecki there are four elements required to form a
wise crowd:

Diversity of opinion. People in crowd should have a range of
experiences, education and opinions. (Encourages independent
predictions)

Independence. Prediction by person in crowd is not influenced by other
people in the crowd.

Decentralization. People have specializations and local knowledge.

Aggregation. There is a mechanism for aggregating all predictions into
one single prediction.
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The crowd must be careful

In the analysis of the crowd it is implicitly assumed:

each person is not concerned with the opinions of others, no-one is
copying anyone else in the crowd.

In the analysis of the crowd we implicitly assumed:

The non-experts will predict a completely random wrong answer -
these will cancel each other out (to some degree).

However, there may be a systematic and consistent bias in the non-
expertso predictions.

Guide to Intelligent Data Science Second Edition, 2020
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... Back to Ensemble Models



Back to Machine Learning

We will exploit Wisdom of crowd ideas for specific tasks by:
combining (classifier) predictions
aim to combine independent and diverse predictors (classifiers).

We can also use labeled training data

to identify the expert classifiers in the pool, .
to identify complementary classifiers; S -
to indicate how to best combine them. ©000 00606060 0000
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Why Do Ensemble Methods Work?

Statistical reason:
Able to average many good models
Reduces the influence of bad models

Computational reason:
Able to explore the model space efficiently

Representational reason:
Reduce the bias of a learning algorithm by extending its model space

Guide to Intelligent Data Science Second Edition, 2020

20



Basic Terms

Remember?

Bias = model error + algorithmic error
Model error: the error we get by selecting a model
Algorithmic error: by selecting the algorithm itself and the parameters of the algorithm

Base-Learning: Fixed Bias / User parameterized
Meta-Learning: Dynamic bias selection using meta-knowledge
Meta-Knowledge: Knowledge achieved during the learning process
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Ensemble Learning for Algorithm Recommendation

Repository Algorithm
of 1 Metadata
datasets
Algorithm p \
Meta Algorithm
features performance
Data

characterization

V

metalearning

Algorithm
recommendation
model
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Combining base-learners: Categories

Bagging, Boosting Variation in data

Stacking Variation among learners (mukixpert)
Cascading, Delegating Variation among learners (muktage)
Arbitrating Variation among learners (refereed)

Meta decision trees Variation in data and among learners
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Bagging and Boosting

Best-known techniques
Based on selection of multiple data sub sets
Meta model is created by combining the base models

Advantages:
Reduces overfitting
Most effective when the base learner is highly sensitive to data
Typically increases accuracy

Disadvantages:

Interpretability of interpretable base learners is lost
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Bagging

Bagging :

Select U independent samples of the Training Data
Learn one model on each of the samples C "QH8 HQ

Classification: Use the class most predicted by all classifiers
Regression: Use the mean of all predictions
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Boosting:

Tries to learn a weighting for the models

Later base learners focus more on the examples that previous base
learners misclassified

There I's no single Nnbesto boost

Guide to Intelligent Data Science Second Edition, 2020
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One boosting method after Schapire

Training :
Create cl: base learner on a sample tl1 of the data
Create t2: sample which is 50% misclassified by c1
Create c2: base learner on the sample t2
Create t3: subset of the data where c1 predicts differently than c2
Create c3: base learner on the sample t3

Classification :
Classify with c1 and c2
If unequal, use c3 as final classification

Guide to Intelligent Data Science Second Edition, 2020
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Stacking and Cascade
Generalization



Stacking
In Bagging and Boosting: we used always the same base learner
Stacking exploits differences among base learners

Two levels of learning
Base learners are trained, each on the whole data set
Meta learners are created on meta data (e.g. predicted class) obtained in level 1

Two levels of classifying
Base learner are used on data point
Meta learners are applied on base learner predictions
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Cascade Generalization

Stacking: Base learners are used in parallel

Cascade Generalization

Base | earners are used I n-a

learners Base Learning
Data

Knowledge from previous classifiers can be used in later ones

After each base learner has been trained, the data set is

adjusted using the new information Cr:fte Cr:;te
For classification : Generate all Generate all

classprobabilities classprobabilities

Only the last model is used, which incorporates the

knowledge from previous models (all base methods are used) Meta Learning
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Cascading and
Delegating



Cascading and Delegating

Until now: all base classifiers are used for classification

Here: Multistage classifiers, not all are required for classification

Main advantage: faster classification
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Cascading

Multilearner version of boosting

Uses learned confidence of previous
models

Train base learner "Q using knowledge from h1ont
previous base learner...

...on data, which was most probably h1
misclassified by previous learners

Classification: go through all base
models, stop and use as classification if the
model has confidence greater than epsilon

Guide to Intelligent Data Science Second Edition, 2020
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Delegating

Cascading: all instances are used in each step

Delegating: only instances below confidence threshold are processed
In the next step

ldea;

Use everything and test for which data points you are good enough
Pass the remaining work to someone else.
If there is no someone else, ... guess

Advantages:
Still understandable (no model combination)
Improved efficiency, due to the decreasing number of examples.

Guide to Intelligent Data Science Second Edition, 2020
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Tree Ensembles and
Random Forest



Bagging - Idea

Baggi Bogtstrbp AGGregatiING

For each tree / model a training set is generated by sampling uniformly
with replacement from the standard training set

Row ID I 0D  [sw SMILES | § Solub_..| D SlogP Row ID 1 OD |sw SMILES | Solub_.| D SlogP | D Row 1D 1 0D [sw SMILES | § Solub_...| D SlogP
ROW0_RoW... 6 :C} 2 moderate 2.156 Row0_Row... 6 v@ 2 moderate 2.156 44 Row0_Row... 6 ;Q 2 moderate 2.156
Q, T, Q.
ROWL06_R... 3475 = 2moderate 1.63 Row106_R... 3475 = 2 moderate 1.63 82 ROW106_R... 3475 ~ 2 moderate 1,63
B © ©
) Q o
ROW107_R... 3476 9 3hign 3.074 Row107 R... 3476 % 3high 3.074 12 Row107_R... 3476 9 3high 3.074
P s 3
o o o
Row108_R... 3478 @ 3high 2.078 Rowl08 R... 3478 5707 3 high 2.078 1 ROW108_R... 3478 o 3 high 2078
Row109_R... 3559 Q_/d 2 moderate 4.426 RoW109 R... 3559 Q_/F; 2 moderate 4.426 10 ROW109_R... 3559 QJ‘F) 2 moderate 4.426
Iknwm,ku... 774 ‘C 2 moderate -0.089 IRowll)Jn,,, 774 ( 2 moderate -0.089 31 Row10_Ro... 774 ( 2 moderate -0.089

Build tree Build tree Build tree

(1) (42 (1)
(s) (2) (s) () X
@ © © O ONONONO ONONONO
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Example for Bagging

Full training set Sampled training set
__- __-
Row 1 2 Class 1 Row_3 Class 2
Row 2 4 1 Class 2 Row 6 2 6 Class 1
Row 3 9 3 Class 2 Row 1 2 6 Class 1
Row 4 2 7 Class 1 Row 3 9 3 Class 2
Row 5 8 1 Class 2 Row 5 8 1 Class 2
Row 6 2 6 Class 1 Row 6 2 6 Class 1

Row 7 5 2 Class 2 Row 1 2 6 Class 1
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Bagging - Idea

Why sampling with replacement?

C So that a sample approximates the distribution of the population
Frequent values are represented more
Less frequent values are represented less

Ultimately leads to the model with smaller variance and smaller bias

Guide to Intelligent Data Science Second Edition, 2020
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An Extra Benefit of Bagging: Out of Bag Estimation

Able to evaluate the model using the training data
Apply trees to samples that havenda

[ JoN ] Out-of-bag error estimates - 0:105 - Random Forest Learner
File Hilite Navigation View

Spec - Columns: 26 Properties  Flow Variables
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M Rowl_Rowd S 0.943 0.057 ] 0.943 35

H 1 o o 1 33

y 1 o o 1 37

H 0.528 0.472 o 0.528 36

x 0.976 0.024 0 0.976 41

() () () () () () L 0.848 0.152 o 0.848 33
x X i 0.833 0.167 o 0.833 36

G Q) G Q) 0 © G @ G @ Q) © A 0.667 0.333 0 0.667 30
y 0.138 0.862 1 0.862 29

A 0.974 0.026 0 0.974 39

ONONONOENONONMONO ONONONO @000 000006 ONONONO i 0.917 0.083 o 0.917 36
A 0.387 0.613 1 0.613 31

ST 0.974 0.026 0 0.974 39

A 1 o o 1 38

L 0.971 0.029 o 0.971 34

I '”I PzI A I P"I I pll le A I P"I .0 0.03 0.97 1 0.97 33

0.854 0.146 o 0.854 41

A 0.973 0.027 0 0.973 37

I 0.886 0.114 o 0.886 35

O0OB OOB w 0.912 0.088 0 0.912 34

yl y2 AT 0.976 0.024 0 0.976 42

10 1 o o 1 a2

[l 1 o o 1 a0

| iH 0.914 0.086 ] 0.914 35

B Row33 Ro.. A 0.875 0.125 o 0.875 32
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Random Forest

Bag of decision trees, with an extra
element of randomization

Each node in the decision tree only
NseesoO0O a s ub deatureso f
C Random Subspace Selection

typically /€ to pick from

Random forests tend to be very robust
w.r.t. overfitting
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AdaBoost
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AdaBoost

Freund & Schapire (1995)

AB is a linear classification algorithm

AB has good generalization properties
C (Avoids overfitting as long as the training data is not too noisy)

AB is a feature selector
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AdaBoost classifier: B

® ® | [+ g ,r". Y o
°* o ® o ® o ¢
"""""""" ® ®/

o | @ 1. >

© o ® ° o °

-1 ! -1 '

Weak classifier h; Weak classifier h, Weak classifier hy

|

Strong classifier = (o hy) + (o h)+ ... + (o7 hy)
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Qe)
Where a weak classifier 'QQ e is weighted by |

I "Q@¢

Qo)

for stepsup to Y
Misclassified data points are weighted more in subsequent steps
Classification result: 'Q(e)

AdaBoost
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AdaBoost: Terminology

Strong Classifier:B (| Q o)
Where 'Q e is a base classifier weighted by |

Classification result;

((o) i Q<8 ( Qe ))
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AdaBoost

Initially, all data points are given the same weight U
At step o, the classifier weight| is calculated as

)
¢ \p Q

B 0/5,0Q e
B 0y

Where Q is given by

Q

Weights6s are updated as
0V ADB WQ(e)

"FB 0 AB @Q(s)
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Adaboost pseudo-code Overview
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