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*Introduction to Jupyter notebooks (2)
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W *Jupyter shortcuts, magic and shell

commands

Two different keyboard input

modes:

* Edit mode: type code or text into a
cell.
Green cell border

« Command mode: notebook level
commands. Gray cell border with a
blue left margin

EE

Shortcuts that work in both

edit and command modes:
Shift + Enter - run the current cell,
select below

Ctrl + Enter - run selected cells

Alt + Enter - run the current cell, insert
below

Ctrl + S - save and checkpoint

Magic commands:

%matplotlib inline - Display matplotlib
graphs in notebook

%run <file name> - Run a file

%%time - Get an execution time

%who - List all variables

%pinfo <variable> - Get detailed information
about variable

%env - List all environment variables
%load_ext autoreload - Reload modules
Shell commands in IPython /

Jupyter:

Use the ! character as prefix to the command.
For instance:

ls (on Linux)

56(

Idir (on Windows)

w

]
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https://jakevdp.github.io/PythonDataScienceHandbook/01.05-ipython-and-shell-commands.html

Deep
learning (DL)

DL is a set of techniques to train and
deploy neural networks with large
number parameters

network
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*Classification and regression
oroblems

*Both rely on supervised learning: when training the model, we know
the correct output y

«The input is a vector x=[xg, ..., X,] with_\A features
T ROTRGIE TS Classification example: input [x,, X,], N=2 and

S 1
e Qutput y is an element of
aset {1,..., Y} of Y labels.
e Evaluation is based e.g. on
misclassification (or error) r

| classifie

Regression
* Qutput yis a real number or
vector (multivariate
regression) : regresso
* Evaluation is based e.g. on : r
the mean-squared error




Learning algorithms
(most support classification and regression)

Decision stump (single

K-nearest neighbors
(KNN)

Artificial
neural
network

Linear
regression
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Unsupervised

learning

100
L]
80 »
Cluster 1
& Cluster 2
Cluster 3
Cluster 4
« Cluster 5
Centroids
- :
™ L]
0
120 140

K-means clustering

Unlabeled
data

Adapted from https://ai.plainenglish.io/what-is-k-means-clustering-3060791cb5897

with K=5 centroids




Popular special case of unsupervised learning:
anomaly detection

LASSE

Examples of anomalies (univariate
time series)

Level
shift

Pattern
change

Anomal
0 iy, ALl (el l Ml yln
P il season
al

pattern
[1] Anomaly Detection Toolkit (ADTK) - https://pypi.org/project/adtk/ S




Distinct from supervised and unsupervised learning: Reinforcement
Learning (RL)

Environ.

Online learning, no need
for output labels.
Support to delayed
reward

Goal: Find a policy that maximizes the return over a

lifetime (episode, if not a continuing task), not the
immediate reward 10



Classification with
Scikit-Learn



Simple classifiers (for two
simple sets)

s Let us design a decision stump using the two simple
sets below:

Training set Test set
Length Weight | Class y Length Weight | Class y

12 3.2 0 13 3.1 0

10 0.5 1 9 0.8 0

14 2.8 0 12.3 1.4 1

14 2.4 0 10 2.3 1

13 1.8 1

13.8 1.5 0

11 1 1

12



Getting familiar with the

given data

sBecause there are (only) two features, it is easy to
visualize the training set

Training set
Length Weight | Class y

12 3.2 0
10 0.5 1
14 2.8 0
14 2.4 0
13 1.8 1
13.8 1.5 0
11 1 1

] train_settxt - Blocoden.. = B

Arquive  Editar  Formatar  Exibir  Ajuda

Text (ASCII) file

12 3.2 o
10 0.5 1
14 2.8 0
14 2.4 0
13 1.8 1
13.8 1.5 0
1 1 1
!

weight
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05F

0

OO

9

1
10

1 1 1 1
" 12 13 14 15
length

13



[ train_settxt - Bloco den.. — B
Arquive Editar  Formatar  Exbir  Ajuda

First classifier: decision|z 32 o
10 0.5 1
stump A A
14 2.4 0
13 1.8 1
SDecision stump is a single if / else 13.8 1.5 0
rule based on a chosen threshold 11 1 1
value of a chosen feature
SFirst example: '
sif weight > 1 ) o
Sthen class label is 0 3
SThis gives one error in training set! .l 8
SAnother example: z:,
sif length < 12 S . .
Sthen class label is 1
SThis also gives one error in training i i
set! .l v
0

1 1 1 1 1
g9 10 1 12 13 14 15
length



weight

Test our decision stump

SExample:

Sif weight > 1

Sthen class label is 0

SElse

Sthen class label is 1

SThis gives one error in training se

3t

25-

O

7]l test_settxt - Blocoden.. - B

SBut gives three errors in this (strange) test set!

L

Arquivo Editar Formatar Exibir Ajuda
13 3.1 o -
9 0.8 0
12.3 1.4 1
10 2.3 1

weight

35
O
3_
Q
25 O
2,
s
15 O
1 X
05 =
0 L
8 9 10 1 12 13 14
length

15



Another dataset: Iris

Iris has three classes with 50 examples of each class,
and four input features: width and length for petal and

sepal,
P ir

s setosa iris versicolor iris virginica

petal sepal petal sepal petal sepal




Iris

Principal component
analysis (PCA) for
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, PCA on IRIS Dataset
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Iris Data (red=setosa,green=versicolor,blue=virginica)
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https://en.wikipedia.org/wiki/lris_flower data set



Exemplo: Dataset Iris

Petal width

3.0
2.5 1 . O
. BeAs "B A A &
20 L
1 B Q%PII]EL--I.I',A.:JLJ.:.A. .......
' A
15 - s bl 5t P
L :
1.0 1 [kpth=0 “ EE :
° :
05 - Sl s (Depth=2)!
.‘.w‘ &
n.n T J T 1 -| L] T
0 1 2 3 4 5 6 7

Petal length
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pental length (cm) <=2.45
gini = 0.6667
samples = 150
value =[50, 50, 50]
class = setosa

Verdadeiro \Falso

pental width (cm) <= 1.75
gini=0.5
samples = 100
value = [0, 50, 50]
class = versicolor

gini=0.168 gini = 0.0425
samples = 54 samples = 46
value = [0, 49, 5] value = [0, 1, 45]
class = versicolor class = virginica

Figura 6-1. Arvore de Decisdo da iris

19




3.0
2.51 5 o
DoAAsA A A A
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2 154 o BlLT
& 1.0 [kpth=0 n Em §
® 2
05 oped o (Depth=2)}
i " u" i
0 1 2 3 4 5 6 7
Petal length

petal length (cm) <= 2.45
gini = 0.667
samples = 150
value =[50, 50, 50]
class = setosa

\?Ise

True

petal width (cm) <=1.75
gini=0.5
samples = 100
value = [0, 50, 50]
class = versicolor

20



Nearest neighbor classifier

sThe nearest neighbor (NN) classifier
simply stores the whole training
sequence and, according to the
adopted distance measure (e.q.
Euclidean distance) assigns to the tes
example the same class of its nearest
(smallest distance) neighbor (example
of the stored training sequence

SsThe Euclidean distance corresponds
to the squared value of the error
vector norm A

sy represents the test vector
sz represents a training example
sEuclidean: distance(y, z) = ||y - z ||?

weight

4

35r

25+

2+

151

1t

05

0

9

1
10

1
1

1
12
length

1
13

1
14

15



Generalizing the NN: K-
nearest neighbors .

SsKNN classifier: choose K as an T e

integer odd number (e.g. K=3 = /n

or 5 is widely adopted) and . o i Example from Wikipedia
make the C|a55|ﬁer to output (';, en.wikipedia.org/wiki/K-nearest_neighbors_algori

the most popular label among
the K nearest neighbor as final
decision |

SThe previous NN classifier is | o 0o
equivalent to using K=1, which | N
may be less robust to outliers z
thanK > 1

SExample: assume that all red T X

Ly O

and blue examples compo X -
new training s e. Note L S
the outlier! 22

4




Artificial neural

SlelleollcIEel] network (ANN or NN) ‘=

Dendrite

" Axon (¢ Sl
— ) 2NN NGO
= ; QL Synapse Input Hidden layers  Output
A i
Neuron at layer n Neuron at layer n-:I I

Input Layer Hidden Layer Qutput Layer

10 [\ -0.99

'Y
L

Propagation of nerve impulse

3/ 073
N

Iteration: 0
Error: 054

g B Many layers and architectures in DL:
X Parameters or dense (fully-connected), convolutional,

weiahts o B recurrent, etc.




There is life outside the deep
neural net world!

https://dmlc.qgithu
b.io

XGBoost is an optimized distributed gradient boosting library designed to be

highly efficient, flexible and portable. It implements machine learning algorithms
under the Gradient Boosting framework. The same code runs on major distributed
environment (Hadoop, SGE, MPI) and can solve problems beyond billions of examples.

24


https://dmlc.github.io/
https://dmlc.github.io/
https://xgboost.ai/
https://en.wikipedia.org/wiki/Gradient_boosting

*Random forest: ensemble of decision
trees

i Random forest: model
algorithms composed of T decision trees

“estimators” in sklearn
Base learners ﬁ ‘ )

Recip Bootstrap
. (sample with

LITCDO WV
replacement)

Create a
Nnaliyuuliil icawuies
random

forest

cithcatc

Final classification result by

voting ’
Fast trairniy arnu yuouu yerieranzauoun. State-of-art results for

tabular data



Scikit-learn algorithms for

Decision

tree:
pecision

ctirmn:
NEIWE
Bayes

K-nearest neighbors

(KNINI

Support vector machine

(Q\/M)
Linear
(SVM)

 rlaccificatinn
DecisionTreeClassifier(min_samples
leaf=R) Relevant
DecisionTreeClassifier(max_de hyperparamet
nth—1) ers
GaussianNB(priors=None,
thinn=1a-N9Q)

var_smo

KNeighborsClassifier(n_neighbors=3,
metric="a1iclidaan')

SVC(C=1.0, kernel="rbf’,

Aacicinn fiinctinn ch:nn—‘n\lg')

LinearSVC(C=1.0,
decision_function_shape='ovr’)

Artimcilal neural network VILPCTassimier(max_1ter=500,

( ANINIY
Adaboost

| hiddean lavar cizac=(100 )

Ada BoostCIaSSiﬁer( base_esti Mator=npecisionTreeClassifier(max_depth=1),
timatnre—=850N)

RandomForestClassifier(n_estimators=30,

- N N

26




Classification with scikit-
A learn

classifier = DecisionTreeClassifier(max_depth=20) #single tree
classifier = RandomForestClassifier(n_estimators=30,max_depth=10) #30 trees
classifier = SVC(gamma=1, C=1) #SVM with RBF kernel

classifier.fit(X_train, y train) #training stage
y_predicted = classifier.predict(X test) #test stage
print('Accuracy = ', accuracy_score(y_test, y predicted))

Be aware that modern ML has sophisticated

workflows that require time to set up and
get familiar with

27


https://scikit-learn.org/

Tipo de treino

Classificac Regressa
ao lo

GERON, Aurélien. Hands-on machine learning with Scikit-Learn, Keras, and TensorFlow: Concepts, tools, and techniques to build
intelligent systems. " O'Reilly Media, Inc.", 2019.



Métricas de performance

IEEREERS

EX: casa

Equation 2-1. Root Mean Square Error (RMSE)

LS ({0 _ )\2
RMSE(X, h) = \/Ele(h(x( )- )

GERON, Aurélien. Hands-on machine learning with Scikit-Learn, Keras, and TensorFlow: Concepts, tools, and techniques to build
intelligent systems. " O'Reilly Media, Inc.", 2019.



Métricas de performance ==a

X= Valores

dos atributos

Equation 2-1. Root Mean Square Error (RMSE)

Mi=1

RMSE(X, h) = \/L 3 (h(x®) = y9)’

GERON, Aurélien. Hands-on machine learning with Scikit-Learn, Keras, and TensorFlow: Concepts, tools, and techniques to build
intelligent systems. " O'Reilly Media, Inc.", 2019.



Métricas de performance

Equation 2-1. Root Mean Square Error (RMSE)

RMSE(X, h) = \/L 3 (h(x®) = y9)’

Mi=1

GERON, Aurélien. Hands-on machine learning with Scikit-Learn, Keras, and TensorFlow: Concepts, tools, and techniques to build
intelligent systems. " O'Reilly Media, Inc.", 2019.



Métricas de performance
h= Funcao

machine
learning

Equation 2-1. Root Mean Square Error (RMSE)

mi-=1

RMSE(X, h) = \/i 5 (n(xD) - )’

GERON, Aurélien. Hands-on machine learning with Scikit-Learn, Keras, and TensorFlow: Concepts, tools, and techniques to build
intelligent systems. " O'Reilly Media, Inc.", 2019.



LASSE

Min-max Standard
scaling scaling
(normalizatio (standardizati
n) on)




Min-max
scaling
(normalizatio
n)

- Limita o range para valores entre O
e 1 (ou outro range designado)

- Desvantagem: sujeito a ter a
performance prejudicada por

outliers, ou seja, valores que estao

muito acima ou muito abaixo da
meédia

- Método de aplicacao:

Para cada amostra

1) Subtrair o valor pelo valor minimo
2) Dividir o valor pela

diferenca entre valor minimo e
maximo

Ex: valor - min




- Faz com que a distribuicao dos
dados passe a ter média 0 e
variancia unitaria.

- Desvantagem: Nao esta
restrito a um range especifico
- Método de aplicacao:
Para cada amostra

1) Subtrair o

valor pelo valor médio

2) Dividir o valor pelo desvio
padrao

Ex: valor - média

desvio padrao

Standard
scaling
(standardizati
on)




Feature scaling

Ambos os métodos sao aplicados independentemente em
cada feature

Alguns meétodos '
afetados pela escala Alguns métodos NAO

dos valores das afetados pela escala
amostras: dos valores das

amostras:
- KNN
- Redes Neurais - Arvores de decisdo
- Regressao linear (decision tree)
- Regressao logistica - Random Forest
- SVM




*Deep learning frameworks

DL training frameworks implement sophisticated algorithms,
which use “backpropagation”, automatic differentiation and
ochastic gradient descent (SGD)

&
TensorFlow

Facebook’s /
Meta’s

Most used
language

Google’s, TF versions 1 and 2, with high level
Keras API

Deployment frameworks: facilitate pruning the models and quantizing the
weights for acceleration

Qualcomm’s Al www.tinyml.o || TorchScript, Tensorflow
Model Efficiency rg Lite & PyTorch
Toolkit Quantization

Auxiliary tools for (shallow) machine learning, debugging, assessing models and
° runnina on cloud

. Ju pyter It may not be trivial to set up your

A 4 development workflow

Other tools:
NVIDIA, Intel, etc.




environments

Example:
Keras in TF2 uses hdf5 file

fArmat

conda install

*Importance of proper management of Python

conda
li~4

at requires

d:\Prc.)g rams\Anaconda3\envs\ai6g\Lib\
site-packages\h5py

09/11/2022 05:25 PM 3,334,144
hdf5.dll

09/11/2022 05:25 PM 117,760
hdf5_hl.dll

Folder d:\Programs\Anaconda3\envs\
aibg\Lib\site-packages\keras\saving

N IATCT ITSA™Y™ A" " I\ -~ AT

# packages in environment at d:\Programs\
Anaconda3\envs\ai6g:

#

# Name
Channel
absl-py
pypi

aom
conda-forge
asttokens
conda-forge
gym
conda-forge

h5py
pypi

.ténsorboa rd
pypi

tensorboard-data-server 0.6.1

Version

1.2.0

3.4.0

2.0.8

0.19.0

3.7.0

2.9.1

tensorboard-plugin-wit

tensorflow

2.92

Build

pypi_0
h0e60522 1

pyhd8edlab 0

py39h832f523_0

pypi_0

pypi_0
pypi_0 pypi
pypi_0 pypi

pvpi O




Gt

*Tensorflow 2 versus Pytorch

TF2: Easier deployment to
cloud, servers, mobile, and loT
devices: TensorFlow Serving
and TensorFlow Lite

PyTorch vs TensorFlow Interest Over Time

” ALV I SO Pytorch: More models, for
w s w VSN A B A4 Tl T instance, at
| https://huggingface.co/
§ « 85% only PyTorch
3/17/2319 9/17/2019  3/17/2020  9/17/2020 3/17/2021 9/17/2021 3/17/2022 9/17/2022 3/17/2023 9/17/2023  3/17/2024 ' 8% Only TF
« 7% both
S — Tools such as:

https://aithub.com/Lykenl17/py
torch-OpCounter

w
2
=
o
[
=>
(=]
=
v
d
©
i
=
=



https://levelup.gitconnected.com/why-tensorflow-for-python-is-dying-a-slow-death-ba4dafcb37e6
https://levelup.gitconnected.com/why-tensorflow-for-python-is-dying-a-slow-death-ba4dafcb37e6
https://www.v7labs.com/blog/pytorch-vs-tensorflow
https://github.com/Lyken17/pytorch-OpCounter
https://github.com/Lyken17/pytorch-OpCounter

Model selection with a
: - = - a S

Parameters Hyperparameters
Values that are part of the deployed * Model hyperparameter: e.g, topology and size of a

model, e.g. neural network (NN) NN
' * Algorithm hyperparameters: learning rate and

‘h size
Model

selection . "
Tune hyperparameters uoiiy u vunuuaon: oo t to avoid overfitting

and underfitting

Modify hyperparameters that
influence the model complexity and
adopt the values that provide good
performance on validation set

Y
\Ta\’xc\aﬂoﬂ 5

Prediction Error

Underfitting~%__Overfitting
€mmmm 1 T This strategy is also used to find
' the best value for a given
hyperparameter
low Model Complexity high

(e.q. #

40



Model selection with a

DL models have -dation SEt (2)

many Model
hyperparameters! Selectlon

Tune hyperparameters using a vanaauon set to avetd-everfittingand-underfitting

find their best values

Prediction Error

Underfitting

é_---

0.01 hyperparamete 0.1
r
(e.g. learning
rate)

Some frameworks for
automatic model
selection:

Scikit-learn

https://scikit-learn.org/stable/model_

selection.html

Optuna
https://optuna.org

KerasTuner

Lovdnde. LA . Ll e
HLLPS. //RETAS.TU/RETAS _LUTIET

41


https://scikit-learn.org/stable/model_selection.html
https://scikit-learn.org/stable/model_selection.html
https://optuna.org/
https://keras.io/keras_tuner

Early stop with a validation set

Assume model selection has indicated a set of

Iﬂ\ ll’\hlﬂl’\ﬂlﬂﬂmf\l‘f\lﬁf‘

For how long should the model be trained? For how

Manv anache?)

Epoch: one complete cycle over all training set examples that may have been

shuffled
“Early Stop”: INterrupt training berore maximum numbper oTf epochs and keep

model that maximizes performance on validation set

Not the model
complexity, but
number of
epochs

Prediction Error

Overfitting

14
0 300 epochs -



Preodiction Error

o
-

o
o
|

Sample complexity

Given a set of hyperparameters and a model trained

lnl:‘l-lf\ hl f\lf\l\ﬁlr‘\f‘

What is the minimum number of training examples for good

pnrfnrm:nrn?

The

algorithm, etc.

sample complexity depends on the model, hyperparameters, data, learning

Table I. The comparison on sample complexity
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§ Evaluation

Confusion-matrix for

classification

E
Generalization error: measure of how
accurately an algorithm is able to predict
outcome values for previously unseen
data
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Predicted

Generalization error estimates:

1. Using unseen test dataset (disjoint with the training set)

2. Cross-validation with N subsets (“splits” or “folds”)

3. Leave-one-out: cross-validation with a single example as the test set
and all other examples composing the training set

Never estimate the generalization error using the training or
validation sets! 44



Cross-validation (CV) for model selection and evaluation é@f

One way
of using

CV:

Split 1
Split 2
Split 3
Split 4

split 5

All Data

Training data Test data
Fold1l || Fold2 || Fold3 || Fold4 | Fold5 | "\
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

> Finding Parameters
Fold1 || Fold2 | Fold3 | Fold4 || Fold5 Hyperparamet
ers
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold5 | _/
Final evaluation { Test data

https://scikit-learn.org/stable/modules/
croce validation htrml

Estimate generalization
error

LASSE

CV can be used for
estimating the
generalization error
and /or
hyperparameters

CV can also use all
data

Final model and its
parameters should
be obtained using

all data

45



Experiment reproducibility Is
not only initializing RNG with a
given seed

1 import numpy as np
Three different 2  1import tensorflow as tf
pseudo 3 import random as python_random
random . 4 # sStart random number generation in
number 5 # well-defined initial state.
generators 6 np.random.seed(123) # Numpy
(RNG) when
simulating 7  python random.seed(456) #Core Python
with 8 tf.random.set seed(789) #Tensorflow
Tensorflow

For reproducibility, one needs also to properly provide

dataset and code

https://keras.io/getting_started/fag/#how-can-i-obtain-reproducible-results-using-keras-during-development o



https://keras.io/getting_started/faq/#how-can-i-obtain-reproducible-results-using-keras-during-development
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