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Machine Learning

e Algorithms that learn from examples
and experiences (data)
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e Performs better than hard coded rules
for complex problems
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Source: Welch Labs, Learning to See - Part 3, video series 2016
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Algorithms

Machine Learning
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Supervised learning

e Trained with labelled data
e Algorithms learn in a supervised manner

Training




Decision trees

Training data: 9 yes /5 no

e C(lassification algorithm Day Outlook =Humidity = Wind | Cricket
o Predict discrete (category) outputs ! sunn rian Hesk "
. . . 2 Sunny High Strong No
o  Will Shiv play cricket? :
3 Overcast High Weak Yes
4 Rain High Weak Yes
5 Rain Normal Weak Yes
. . 6 Rain Normal Strong No
e Training
7 Overcast Normal Strong Yes
o Recursively split data into subsets based on 8 Sunny High Weak No
a S|ng|e at‘tnbute 9 Sunny Normal Weak Yes
o Stop when all subsets are pure (all yes / no) v e orma! ek ‘e
11 Sunny Normal Strong Yes
12 Overcast High Strong Yes
13 Overcast Normal Weak Yes
® Pl’edICtIOI’] 14 Rain High Strong No
o Based on subset where new data is placed New data:
’ 15 ‘ Rain High ‘ Weak ‘ ? ‘




9vyes/5no

Outlook @ Humidity Wind
3 Overcast High Weak
Day | Outlook | Humidity Wind ; Overcast Normal Strong Day | Outlook | Humidity Wind
1 Sunny High Weak - Overcast High Strong 4 Rain High Weak
2 Sunny High Strong 13 Overcast Normal Weak 5 Rain Normal Weak
8 Sunny High Weak 6 Rain Normal Strong
9 Sunny Normal Weak 4 yes /0 no 10 Rain Normal Weak
1 Sunny Normal Strong pure subset 14 Rain High Strong
2yes/3no\ 3yes/2no
split further

split further

Source: Victor Lavrenko, Decision Trees, University of Edinburgh 2014.
D



9vyes/5no

Day & Humidity Wind Day & Humidity Wind
9 Normal Weak 1 High Weak
11 Normal Strong 2 High Strong

8 High Weak
2yes/0Ono
pure subset Oyes/3no

ure subset

pure subset

Source: Victor Lavrenko, Decision Trees, University of Edinburgh 2014.

Outlook @ Humidity Wind

3 Overcast High Weak

7 Overcast Normal Strong

12 Overcast High Strong

13 Overcast Normal Weak
4yes/0Ono

Day | Outlook | Humidity Wind
4 Rain High Weak
5 Rain Normal Weak
6 Rain Normal Strong
10 Rain Normal Weak
14 Rain High Strong

3yes/2no /

split further




9vyes/5no

@ Day | Outlook | Humidity = Wind @
3 Overcast High Weak
7 Overcast Normal Strong
w 12 Overcast High Strong m
13 Overcast Normal Weak
4yes/0Ono
Day & Humidity Wind Day & Humidity Wind Day @ Outlook | Humidity Day @ Outlook | Humidity
9 Normal Weak 1 High Weak 4 Rain High 6 Rain Normal
11 Normal Strong 2 High Strong 5 Rain Normal 14 Rain High
8 High Weak 10 Rain Normal
2yes/0Ono Oyes/2no
pure subset Oyes/3no 3yes/0no pure subset

Eure subset Eure subset
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Decision trees

e Which attribute provides the best split?

9/5 9/5 9/5
2/3 470 3/2 6/1 3/4 6/2 3/3

e Split attributes based on a purity measure (e.g. entropy, gini)

e |[nformation gain = average weighted entropy of each subset
e Example: http://www.saedsayad.com/decision_tree.htm



http://www.saedsayad.com/decision_tree.htm

Learning curves

Underfit (high bias)

e Try more features

e Decrease regularisation

Overfit (high variance)

e Get more data
® Use less features
® Increase regularisation
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Source: Andrew Ng, Coursera - Machine Learning. 2012




Random forests

e Train multiple decision trees
(forest) based on random

subsets of: e
o training examples
o features

e Final prediction is based on the
average of individual trees

e Avoids overfitting problems with
single decision trees

i P (y)



Disadvantages

e Decision trees
split one attribute
at a time

e Greedy algorithm

e Canresultinan
overly complex
model
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Disadvantages
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Disadvantages
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Disadvantages

Better model



Logistic Regression

) Linear model Opt|m|sat|on
7= WX, + wx, + b 3 parameters
A
Predictions y Jw) Initial ,/ Gradient
9.95 1
J(w)
0.20 e Loss -~— )
Global cost minimum
0.56 1 Jrmin(W)




Logistic Regression

lteration: 1
Model: 0.09x, - 0.0lx, - 0.024
Loss: 0.641

Accuracy: 0.51
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Logistic Regression

lteration: 2
Model: 0.17x, - 0.08x, - 0.07
Loss: 0.623

Accuracy: 0.66

10 +




Logistic Regression

lteration: 5
Model: 0.42x, - 0.16x, - 0.46

Loss: 0.583

Accuracy: 0.68

10 +




Logistic Regression

lteration: 7
Model: 0.64x, - 0.08x, - 1.65
Loss: 0.527

Accuracy: 0.77

10 +




Logistic Regression

lteration: 9
Model: 1.15x, - 0.37x, - 6.39

Loss: 0.351

Accuracy: 0.82

10 +




Logistic Regression

lteration:18
Model: 2.13x, - 2.05x, - 21.88

Loss: 0.091

Accuracy: 0.99

10 +




Artificial Neural Networks

Logistic regression




Artificial Neural Networks

Input layer Output layer




Artificial Neural Networks

Input layer Hidden layers Output layer

Demo: http://playground.tensorflow.org/



http://playground.tensorflow.org/

Linear regression

e Predict a continuous value ‘ Z
e Find the line of best fit ’
e Training process similar to logistic 9
regression g
o different loss function 4

o mean squared error

e Linear model

y = 0.12x + 0.53 0 0 » v o



Unsupervised learning

e Learn underlying structure of the data
e Dimensionality reduction

@RichardSocher

Rather than spending a month figuring out an unsupervised
machine learning problem, just label some data for a week and
train a classifier.

6:47 AM - 11 Mar 2017

4« 132389 €603 L]




K-means

e Clustering algorithm % Lt
o K=4#of clusters o 4 l'._. :;:: I
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e New examples
o  Assign to cluster with closest centroid



K-means

e Clustering algorithm e ™ 0
o K=#ofclusters ° y ';";: i
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e Training e 3, .
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K-means

e Clustering algorithm TN ee
o K=#of clusters = -’ '.;'.: I
L] - L] .L-
* § N L]
-., s ”
e Training

o Randomly place K initial centroids

o  Assign each point to closest centroid

o  Update centroid position based on mean of ®
points in assigned cluster

o  Stop when centroids don’t change

e New examples
o  Assign to cluster with closest centroid



K-means

e Clustering algorithm s RE
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e Training
o Randomly place K initial centroids
o Assign each point to closest centroid
o Update centroid position based on mean of *
points in assigned cluster
o  Stop when centroids don’t change

e New examples
o  Assign to cluster with closest centroid



K-means
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K-means

e Clustering algorithm o
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K-means

e Clustering algorithm
o K=# of clusters A {.
L] L . ” -
.y *:Ln
™ : , i‘ ) 2 >
e Training e 3w
o Randomly place K initial centroids . * gt B,
[ ] o ]
o Assign each point to closest centroid Wi ‘} o !
o Update centroid position based on mean of
points in assigned cluster ®

o  Stop when centroids don’t change

e New examples
o  Assign to cluster with closest centroid



K-means

e Clustering algorithm
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K-means

e Clustering algorithm
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K-means

e Clustering algorithm

o K=# of clusters
e Training
o Randomly place K initial centroids
o Assign each point to closest centroid
o Update centroid position based on mean of
points in assigned cluster
o  Stop when centroids don’t change

e New examples

O
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Principal Components Analysis (PCA)

e Dimensionality reduction method

e Represent data in fewer dimensions
o Preserve as much structure as possible

e New dimensions = principal components
o Directions where data is most spread (variance)
o Combination of original features ) o

e Example

o Reduce a dataset from 2D to 1D
o Manually try two components

=
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Which component represents a larger spread of the data (variance)?



PCA

Find a set of principal components

O

O

(©)

1st: represents most variance

2nd: perpendicular to 1st, most variance of remainder
... until last dimension of dataset
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PCA

Find a set of principal components
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2nd: perpendicular to 1st, most variance of remainder
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PCA

e Find a set of principal components - .

O  1st: represents most variance
o  2nd: perpendicular to 1st, most variance of remainder @

o ...until last dimension of dataset
e Reduce dataset to k components nzs
o E.g. keep top k components that represent at least
90% of variance in the dataset 00
o Transform original data to the new dimensions .

1 LR ] nzg o] =k ) 03s

PC1 represents 99.6% of variance



PCA

e Find a set of principal components .

O  1st: represents most variance
o  2nd: perpendicular to 1st, most variance of remainder =

o ...until last dimension of dataset
e Reduce dataset to k components nzs
o E.g. keep top k components that represent at least
90% of variance in the dataset 00
o Transform original data to the new dimensions .o,
e Algorithm :
o Normalise data with zero mean :
o Calculate covariance matrix o Pa
o Calculate: ato ars az0 azs 0% 03

m Eigenvectors = principal component
m Eigenvalues = amount of variance represented
B

PC1 represents 99.6% of variance



Reference sheets

.“ Home Installation Documentation -~  Examples

powared by Google

—

e Custom Search

scikit-learn

Machine Leaming in Python

Classification

Identifying to which category an object be-
longs to.

Applications: Spam detection, Image recog-
nition.

Algorithms: SVM, nearest neighbors, ran-
dom forest, ... — Examples

Dimensionality reduction

Reducing the number of random variables to
consider.

A_pplicatiuns: Visualization, Increased effi-
ciency

Algorithms: PCA, feature selection, non-
negative matrix factorization. — Examples

Regression

Predicting a continuous-valued attribute asso-

ciated with an object.

Applications: Drug response, Stock prices.

Algorithms: SVR, ridge regression, Lasso, ...
— Examples

Model selection

Comparing, validating and choosing parame-
ters and models.

Goal: Improved accuracy via parameter tun-
ing
Modules: grid search, cross validation, met-

rics. — Examples

Clustering

Automatic grouping of similar objects into
sels.
Applications: Customer segmentation,

Grouping experiment outcomes
Algorithms: k-Means, spectral clustering,

mean-shift, ... — Examples

Preprocessing

Feature extraction and normalization.
Application: Transforming input data such as
text for use with machine learning algorithms.
Modules: preprocessing, feature extraction.
— Examples



Reference sheets

scikit-learn
algorithm cheat-sheet

classification

regression

few features
should be
important

number of
categories
known

clustering

5
looking A% NoT
WORKING
YES
predicting
structure

WORKING

<10K 5 : 5
L dimensionality

reduction

Source: http://scikit-learn.org/stable/tutorial/machine_learning_map/



http://scikit-learn.org/stable/tutorial/machine_learning_map/

Reference sheets

Comparison of supervised machine learning techniques

Decision Neural Naive Rule
Factors Trees Networks Bayes i i Learners
General accuracy ol ek * *k ek *k
Learning speed R * *kkk *kkk * *k
Classification speed it dekdek ke * s Thkk
Tolerance to missing values ek * ek * e %
Tolerance to irrelevant features i * *% *k ek *k
Tolerance to redundant features ok L * *k *kk *k

ek dededk * * ededk sk

Tolerance to highly related features

Dealing with discrete, binary and rar—— *kk e *kk o *hk
continuous features

Tolerance fo noise ok *k Hdek * ww *
Dealing with model overfitting ke * Tkk Hekek ok *k
Attempts for incremental learning ke *kk *kkk ke kk ok *
Explanation of classification wekekk * *kkd L * e
ek * o dede e ek R * Tk

Model parameter handling

* kNN = k-Nearest Neighbours
* SVM = Support Vector Machines

Source: Kotsiantis et al., Supervised machine learning: A review of classification techniques, Conference on Emerging Atrtificial Intelligence Applications 2007 .



Reference sheets

e Supervised learning
o http://scikit-learn.org/stable/supervised_learning.html#supervised-learning
e Performance metrics
o http://scikit-learn.org/stable/modules/classes.html#module-sklearn.metrics
e [eature selection
o http://scikit-learn.org/stable/modules/feature_selection.html
e Model selection (cross validation, learning curves, hyperparameter tuning)
o http://scikit-learn.org/stable/modules/classes.html#module-sklearn.model_selection
e Clustering
o http://scikit-learn.org/stable/modules/clustering.html#clustering

e Dimensionality reduction
o http://scikit-learn.org/stable/modules/classes.html#module-sklearn.decomposition



http://scikit-learn.org/stable/supervised_learning.html#supervised-learning
http://scikit-learn.org/stable/supervised_learning.html#supervised-learning
http://scikit-learn.org/stable/modules/classes.html#module-sklearn.metrics
http://scikit-learn.org/stable/modules/classes.html#module-sklearn.metrics
http://scikit-learn.org/stable/modules/feature_selection.html
http://scikit-learn.org/stable/modules/feature_selection.html
http://scikit-learn.org/stable/modules/classes.html#module-sklearn.model_selection
http://scikit-learn.org/stable/modules/classes.html#module-sklearn.model_selection
http://scikit-learn.org/stable/modules/clustering.html#clustering
http://scikit-learn.org/stable/modules/clustering.html#clustering
http://scikit-learn.org/stable/modules/classes.html#module-sklearn.decomposition
http://scikit-learn.org/stable/modules/classes.html#module-sklearn.decomposition

Reference sheets

e Anomaly detection
o http://scikit-learn.org/stable/modules/outlier_detection.html
e Time series
o http://machinelearningmastery.com/arima-for-time-series-forecasting-with-python/
o http://www.statsmodels.org/dev/generated/statsmodels.tsa.arima_model. ARIMA.html|
e Deep learning
o http://course.fast.ai/

e ML blogs:

o https://www.analyticsvidhya.com/blog/2015/08/common-machine-learning-algorithms/
o http://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/



http://scikit-learn.org/stable/modules/outlier_detection.html
http://scikit-learn.org/stable/modules/outlier_detection.html
http://machinelearningmastery.com/arima-for-time-series-forecasting-with-python/
http://machinelearningmastery.com/arima-for-time-series-forecasting-with-python/
http://www.statsmodels.org/dev/generated/statsmodels.tsa.arima_model.ARIMA.html
http://www.statsmodels.org/dev/generated/statsmodels.tsa.arima_model.ARIMA.html
http://course.fast.ai/
http://course.fast.ai/
https://www.analyticsvidhya.com/blog/2015/08/common-machine-learning-algorithms/
https://www.analyticsvidhya.com/blog/2015/08/common-machine-learning-algorithms/
http://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/
http://machinelearningmastery.com/a-tour-of-machine-learning-algorithms/

Deep learning
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Source: Banko & Brill. Scaling to Very Very Large Corpora for Natural Language Disambiguation. Proceedings for the Association for Computational Linguistics (ACL) 2001.




Deep learning
A

Large NN

Medium NN

Small NN

Traditional algorithms

Performance

>

o Data _ . _
Feature engineering Source: Andrew Ng, Deep Learning School, Stanford University 2016




Deep Iearnlng

P —

sponsored by .
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How rounded

0

1s the galaxy simply smooth and rounded,
with no sign of a disk? .

v of

Is there anything odd?

Is the odd festure a ring, or is the
galaxy disturbed or irregulas?

/7
E

Cwld this be a disk vlrewd ed\u-nn’

Does the galaxy have 2 bulge al its centre?
If s, what shape?

How tightly wound do the spiral arms appear? 4

How many spiral arms are there?

Figure 1. Flowchart of the classification tasks for GZ2, beginning at the top centre. Tasks are colour-coded by their relative depths in
the decision tree. Tasks cutlined in brown are asked of every galaxy. Tasks outlined in green, blue, and purple are {respectively) one, two
or three steps below branching points in the decision tree '['ahloﬁ describes the responses that correspond to the jcons in this disgram

Is there & sign of a bar feature through
the centre of the galaxy?

In there any sign of & spiral
arm pattern?

How prominent is the central bulge,
compared to the rest of the galaxy?

45

[
A a
1
Max 128
pooling
= BxB

128

x 16

Max

pooling

=u2
i

— —
— 37
—
2048 2048

maxout{2} maxout{2)

Source: Sander Dieleman 2014 - http://benanne.github.io/2014/04/05/galaxy-zoo.html



Deep learning

' s

NASA

FRONTIER

DEVELOPMENT LAB

)
The ADELIE Meteorlte Hunter

Anrborne DEep Leﬁrnmg Image Explorer $

Source: Sravanthi Sinha, Deep Learning Summit, Singapore 2016




Deep learning

% Curtin University

THE CURTIN INSTITUTE
FOR COMPUTATION

International
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Questions




