


How did Al Start

Alan Turing (1950), Dartmouth Al Workshop (1956)
"Computing Machinery Including Marvin Minsky, John Holland,
and Intelligence" Claude Shannon, Herbert Simon, at al.

J. C.R. Licklider (1956),
"Man-Computer Symbiosis"



ML: historic definition

* Machine Learning relates with the study, design and
development of the algorithms that give computers the
capability to learn without being explicitly programmed

(Arthur Samuel — 1959).
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Data Representation in Machine Learning
Imagine data represented as a large spreadsheet:

Y
0.00100029

0.00200017
0.00299964
0.00399869
0.00499733
0.00599556
0.00699337
0.00799076
0.00898774
0.0099843

0.01098045

2
0.001001
0.002001
0.003002
0.004002
0.005003
0.006003
0.007004
0.008004
0.009005
0.010005
0.011006

CoDistTran
4.284007
8.566245
12.84671
17.12541
21.40233
25.67747
29.95084
34.22243
38.49224
42.76028
47.02653

Znow
0.001
0.001998
0.002995
0.00399
0.004984
0.005976
0.0063967
0.007956
987.4362

0.009931

0.010915

zrel

0.001
0.001999
0.002997
0.003994
0.00499
0.005985
0.006979
0.007972

10.008964

0.009955
0.010945

ourmodel
0.00100022
0.00199991

0.00399777

0.00599368
0.00699091
0.00798767
1.6504E+53

0.00997979

0.01097515

Some columns may contain no useful information

omega squared_error

0.275
0.275
0.275
0.275
0.275
0.275
0.275
0.275
0.275
0.275
0.275

™

5.80226E-15
7.20773E-14
3.08422E-13

1.87461E-12
3.53915E-12
6.03206E-12
9.54167E-12
2.7239E+106
2.03783E-11
2.80909E-11

rel_err

7.615E-05
0.00013422
0.00018514
0.00023133
0.00027398
0.00031378
0.00035119
0.00038657
1.8363E+55
0.00045213
0.00048268

Some data
may be
missing

Some may
be wrong

Each row (data or feature vector) is one instance of what you
are analyzing (galaxies, genes ...). There could be tens...
thousands ... millions ... billions of rows (N)

Each column is one of the quantities you are measuring —thatis
the data dimensionality. There could be afew ... tens ...
thousands ... millions ... billions of dimensions (D)



Computational Cost and Complexity

In general, computational cost of training and implementing NN
and other ML models depends on the size of data sets and their
dimensionality:

Computational cost = [data size] X [data dimensionality]

1) )

Scales with the number of Scales with the number of
input data vectors N, often data dimensions D, usually
as N log N, which s fine as a power law, D", where n >

2 or higher, or an exponential,
eP, which is expensive
Forexample, ifn=2,D =5, cost~ 25, if D=1000, cost~a million

This is the “curse of dimensionality”
This is why dimensionality reduction is critical
There are many methods, depending on the use case






Algorithms

* There are many good tools out there, but you need
to choose the right ones for your needs.

* No “one size fits all” solution.

Supervised Algorithms Unsupervised Algorithms
Neural Networks (MLP) K-Means
Boltzmann Machines Self-Organizing Maps
RBM RDF
Decision Trees Fuzzy Clustering
Nearest Neighbor CURE
Naive Bayes Classifiers ROCK
Bayesian Networks Vector Quantization
Gaussian Processes Probabilistic Principal

Regression Surfaces












Supervised Learning

For some examples the correct results (targets) are
known and are given in input to the model during

the learning process.

* Generalization: ability of a learning machine to
perform accurately on new, unseen examples.

Known Data
L > Model
Known Responses — Input

2 Model ——
New Data e

Predicted Responses

Images credits: Mathworks












Training Set

* Training set: a set of examples used for learning,
where the target value is known.

* The goal of the learning algorithm is to build a
model which makes accurate predictions on the
training set.

Error

* Training set accuracy does not i
give a good indication about
the generalization power of velladite
the model. o

 Add a Validation set. = -

t Time




Validation Set

* Set of examples used to tune the architecture of a
classifier and estimate the error.

 Used for model selection.

* The validation data has to be representative of the
range of inputs the classifier is likely to encounter.

* How to create it? T
— gather new data;

— random split:
* 80-20

* cross-validation

validation

training
-
t Time





























































And
more...






Multi-Layer Perceptron

* The MLP is one of the most used supervised model:
it consists of multiple layers of computational units,
usually interconnected in a feed-forward way.

* Each neuron in one layer has direct connections to
all the neurons of the subsequent layer.

hidden -
Input General Neuron

AN
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The architecture of a two layer MLP,



Learning Process

* Back Propagation

— the output values are compared with the target to compute the
value of some predefined error function;

— the error is then feedback through the network;

— using this information, the algorithm adjusts the weights of each
connection in order to reduce the value of the error function.

After repeating this process for a sufficiently large number of training cycles,
the network will usually converge.

Neural Network

— > including connections

) (called weights)
Input between neurons

Adjust
weights

Qutput




* The best number of hidden units depend on:

Hidden Units

Output Vector

number of inputs and outputs;

Loyer 3

number of training cases;
the amount of noise in the targets; o
the complexity of the function to be learned;

the activation function, etc.

Input Vector

* Too few hidden units => high training and generalization error, due
to underfitting and high statistical bias.

Too many hidden units => low training error but high generalization

error, due to overfitting and high variance.

Rules of thumb don't usually work.

Image Credits: statisticsdu



Activation Functions

* Activation Functions
— used by most units to transform their inputs;
— needed to introduce non-linearity into the network;

— linear, logistic, tanh, softmax...

: weights
Inputs
Xl Wy;
' activation
functon
T s——al{ Wo net input
4] T net
\ 2 J ¢) @ (),
Vg o—( W3, = activation
transfer
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