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Agenda - Friday, March 15
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09:00 - 10:30
10:30 - 11:00
11:00-12:30

12:30 — 14:00
14:00 — 14:45
14:45 - 15:30
15:30 - 16:00
16:00 - 17:00

Introduction to Al, Machine and Preprocessing Techniques — Part 1
Break

Introduction to Al, Machine and Preprocessing Techniques — Part 2
Execution Options for ML / DL Software
Lab: Machine Learning with scikit-learn

Lunch Break

Introduction to Deep Learning + Example
Introduction to Distributed Deep Learning + Example
Break

Lab: Deep Learning with PyTorch
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Categorization: Al, Machine and Deep Learning HPC.NRW

— Artificial Intelligence (Al)

— Simulation of human intelligence:
Learning, Reasoning, Problem Solving and Understanding

Al — Broad and multi-disciplinary field:
Computer science, Psychology, Linguistics, ...

— Main types
— Narrow Al: Designed to perform a special task such as image recognition

Machine
Learning

— General Al: Can perform any intellectual task like a human

— Machine Learning (ML)

Deep — Subset of Al teaching computers how to learn from data
Learning — Often requires structured data
— Typically used to process numerical and categorical data

— Deep Learning (DL)
— Subset of ML
— Can handle vast amounts and also unstructured data (images, text, ...)
— Uses sophisticated algorithms and (deep) neural networks

PPCES: Machine and Deep Learning




Machine Learning — Disciplines HPC.NRW

KNeighborsRegressor (k = 5, weights = ‘uniform’)

— Supervised learning (data is labeled) o
— Classification —> Categorize objects to one or more classes
— Regression - Predict one or more continuous-valued attributes .

Images: scikit-learn

Estimated number of clusters: 3

— Unsupervised learning (data is not labeled)
— Goal: Find structure or pattern in data ”
— Clustering —> Group similar objects |
— Dimensionality reduction (PCA, Autoencoders)
— Semi-supervised learning TE oA % 1 3
— Combines both supervised and unsupervised techniques S

— Uses both labeled and unlabeled data
— Reinforcement learning
— Develop strategy dynamically using environment feedback (reward)
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Typical Machine / Deep Learning Workflow
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DEIE]

Preprocessing

Model
Training

Model
Evaluation

Production
Ul EER )

— Table / matrix — Cleaning /
_ Time series Plausibility
— Images - Fea.ture.
_ Text engmeer.lng
— Conversion

— Standardization or
Normalization

— Dimensionality
reduction

Select

— Model

— Optimizer

— Loss function

— Hyperparameters
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Different metrics /
scores for
— Classification

(accuracy,
precision, f1)

— Regression (mean
squared err, r2)

Multi-fold cross
validation

— Apply to unseen
data samples




Example: Feature Engineering and Classification
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Classic
Machine
Learning

Fufz o fK)

Roundness of face
Dist between eyes
Nose width

Eye socket depth
Cheek bone structure
Jaw line length

...etc.

=

CLASSIFIER
ALGORITHM

SVM

Random Forest
Naive Bayes
Decision Trees
Logistic Regression
Ensemble methods

‘ Mark

— Step 1: Train selected model with many different images

— Step 2: Use model to identify (classify) unseen images
— Note: Data preprocessing steps should be the same for training and inference
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scikit-learn - What is it?
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— Simple and efficient tools for predictive data analysis
— Data preprocessing and other utilities
— Machine learning methods
— Visualization
— Built on NumPy, SciPy, and matplotlib
— No separate data types (unlike pandas)
— Benefit from NumPy and SciPy optimizations
— Accessible to everybody, and reusable in various contexts
— Documented API and ton of examples (Link)
— Building block for your data analysis
— Many contributors
— Development since 2007
— Currently version 1.4
— Open source (BSD) and commercially usable

PPCES: Machine and Deep Learning
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https://scikit-learn.org/stable/index.html

-
scikit-learn — Overview HPC.NRW

— Available as Python module

# install using pip # create SVM classifier instance
pip3 install -U scikit-learn from sklearn import svm

# install using conda (Intel version) clf = svm.SVC(gamma=0.001, C=100.0)
conda install -c intel scikit-learn

- J

. m Install User Guide APl Examples Community More
— Offers supervised / unsupervised methods

seikit-learn 1.4.1 User Guide
— CIaSSIflcatlon Other versions 1 s d] )
u Please cite us if you use the * UPEI'VISE earnlng
- RegreSSIOn soiliEn = 1.1. Linear Models
User Guide

= 1.2. Linear and Quadratic Discriminant Analysis

_ 1 1. Supervised learning
CI USterIng 2.Unsupervised learning - 1.3. Kernel ridge regression
3. Model selection and evaluation
— ... 4. Inspection = 1.4. Support Vector Machines
5.V izations
e et transformations ~ 1.5. Stochastic Gradient Descent
J— B u t aI S O 7.D ot leading utilities
8. Computing with scikit-learn = 1.6. Nearest Neighbors
- 9. Model persistenc
— Data preproceSS| ng 10, :C:r:I:rSpr.:I:and =~ 1.7. Gaussian Processes
recommended practices
Dimensionality reduction o © e ceeomponten
y =~ 1.9. Naive Bayes
— MOdeI Selectlon = 1.10. Decision Trees

= 1.11. Ensembles: Gradient boosting, random forests, bagging, voting, stacking

— Toy datasets (sklearn.datasets)

= 1.12. Multiclass and multioutput algorithms

= 1.13. Feature selection Image: scikit-learn
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Datasets HPC.NRW

— Multiple toy and real world datasets available

load iris(*[, return_X_y, as_frame]) Load and return the iris dataset (classification).

load diabetes(*[, return_X_y, as_frame, scaled]) Load and return the diabetes dataset (regression).

load digits(*[, n_class, return_X_ y, as_frame]) Load and return the digits dataset (classification).

load linnerud(*[, return_ X y, as_frame]) Load and return the physical exercise Linnerud dataset.
load wine(*[, return_X y, as_frame]) Load and return the wine dataset (classification).
load breast cancer(*[, return_X y, as_frame]) Load and return the breast cancer wisconsin dataset (classification).

— Parameters / return values and meanings
— X: Data or feature matrix used to train the model
— vy: Labels (targets) in case of supervised learning
— n_class: Number of classes to return
— return X y:Boolean whether tuple of (data, label) desired
— as_frame: Boolean whether pandas DataFrame should be returned
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https://scikit-learn.org/stable/modules/generated/sklearn.datasets.load_iris.html#sklearn.datasets.load_iris
https://scikit-learn.org/stable/modules/generated/sklearn.datasets.load_diabetes.html#sklearn.datasets.load_diabetes
https://scikit-learn.org/stable/modules/generated/sklearn.datasets.load_digits.html#sklearn.datasets.load_digits
https://scikit-learn.org/stable/modules/generated/sklearn.datasets.load_linnerud.html#sklearn.datasets.load_linnerud
https://scikit-learn.org/stable/modules/generated/sklearn.datasets.load_wine.html#sklearn.datasets.load_wine
https://scikit-learn.org/stable/modules/generated/sklearn.datasets.load_breast_cancer.html#sklearn.datasets.load_breast_cancer

Datasets HPC.NRW

Returns: data : sunch

- EX a.m p I e h OW to u S e digi ts d at aS et Dictionary-like object, with the following attributes.

data : {ndarray, dataframe} of shape (1797, 64)

[1]: from sklearn.datasets import load_digits The flattened data matrix. If as_frame=True, data will be a pandas DataFrame.
digits = load_digits()
print(digits.keys()) target: {ndarray, Series} of shape (1797,)

The classification target. If as_frame=Truz, targst will be a pandas Series.
dict_keys(['dsta', ‘target’, 'target_names', 'images', 'DESCR'])

feature_names: list
print(digits.data.shape) The names of the dataset columns.

i
(1797, 84) target_names: list

. L. The names of target classes.
print(digits.target.shape)

A T T e
(1797,) MNew in version 0.20.

int(dieits.tareet na . frame: DataFrame of shape (1797, 65)
PrENELEIEIEs  Pareet nanes) Only present when as_frame=True. DataFrame with data and target.
[@12345678 2]

Mew (n version 0.23,

import matplotlib.pyplot as plt

plt.gray() images: {ndarray} of shape (1797, 8, 8)
plt.matshow(digits.images[@]) The raw image data.
plt.show()

DESCR: str
The full description of the dataset.

0 1 2 3 4 5 6 7

(data, target) : tuple if return_x_y is True
A tuple of two ndarrays by default. The first contains a 20 ndarray of shape (1797, 64) with each row
representing one sample and each column representing the features. The second ndarray of shape (1787)
contains the target samples. If as_frame=Trus, both arrays are pandas objects, 1.e. x a dataframeand y a
series,

MNew in version 0.18.

Image: scikit-learn
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Data Preprocessing HPC.NRW
— Missing values and feature engineering ( from sklearn import preprocessing as pre )

— Imputation of missing values jrhort umpy as 1P

— Generating polynomial features i = ”P-ar'“aY([% ;:: 'é:: ;f%:

[ 6., 1., -1.10])

— Transformation and scaling # create and fit scaler

— Standardization (using mean and std) scaler = pre.StandardScaler(). fit(X)

— Normalization # return mean and scaling factors for features

— Non-linear transformations ;C?fr;r:i;?[l. ceey O, ..., 0.33...1)

scaler.scale_

— Custom transformers # --> array([0.81..., 0.81..., 1.24...])

# appy transformation

— Special treatments X_scaled = scaler.transform(X)
— Encoding categorical features e

[-1.22..., 1.22..., —1.@6.::]])

o J

— Discretization (binarization, bins)

PPCES: Machine and Deep Learning




Feature Selection & Dimensionality Reduction (if feature space too high) HPC.NRW

: _ (<;rom sklearn.datasets import load digits <\\
o Optlon 1: Only use a SUbset Of featureS from sklearn.feature_selection import SelectKBest
o ExampIeS' SelectKkBest. SelectPercentile from sklearn.feature_selection import chi2
— Considers the labels / target variable(s) # load data set

X, y = load digits(return_X y=True)

— Ranks feature space based on scores / importance X.shape # --> (1797, 64)

# apply selection

— Option 2: Create new features space X_new = SelectKBest(chi2, k=8).fit_transform(X, y)
X .sh # --> (1797, 8
— Reduce number of features \new.shape # --> { ) Y,
— Try to preserve as much information as possible Original data Lower-dimensional
(high-dimensions) embedding

— Example: Principal Component Analysis (PCA)
— Uses Singular Value Decomposition (SVD)

— Looks for linear combination of features that capture
well the variance of original features

— Note: Not that easy to interprete anymore

PC1
!

Variable #1

PCA dimensionality
)( T reduction

PC2

Principal component #2

© Principal component #1

e
'25\'89\ + Maximize variance along PC1
N * Minimize residuals along PC2

Image: biorender.com
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Classification HPC.NRW

— Many classification methods available (classifier comparison)
— Classification performance might differ depending on your data set

Input data Decision Tree Random Forest Neural Net

Image: scikit-learn
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https://scikit-learn.org/stable/auto_examples/classification/plot_classifier_comparison.html

Classification — Example (digits) HPC.NRW

— Goal: Recognizing hand-written digits

r N
/fgpom sklearn import datasets, metrics, svm ‘\\ from sklearn.metrics import ConfusionMatrixDisplay as cf

from sklearn.model selection import train_test split o
# evaluate classifier performance

# load dataset & flatten the images print(f"{metrics.cléss%Fication_report(y_test, pred)}")
digits = datasets.load digits() disp = cf.from_predictions(y_test, pred)
data = digits.images.reshape((len(digits.images), -1)) plt.show()

\ J

# create a support vector classifier

clf = svm. SVC(gamma=@. @@1) Classification report for classifier SVC(gamma=0.001): %

precision recall fl-score  support | 80

# split into train and test data 0 1.00 0.99 0.99 88 7
) ) ) ) 1 0.99 0.97 .98 91

X _train, X test, y train, y test = train_test split( 2 0.99 0.99 0.99 86 °0
s s s A _ 3 0.98 0.87 0.92 91

data, digits.target, test_size=0.5, shuffle=False . o 99 o 06 o o7 o 50

) 5 .95 0.97 .96 91 a0
6 0.99 0.99 0.99 91

7 0.96 0.99 0.97 89 30
: : 8 0.94 1.00 0.97 88

# tra:!'n and pl:‘edlct ) 9 0.93 0.98 8.95 92 20

clf.fit(X_train, y train) 10
. . accuracy 0.97 899

predicted = clf.predict(X test) macro avg 0.97 0.97 0.97 899 0

\ / weighted avg 0.97 0.97 0.97 899 predicted label

Image: scikit-learn
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-_______________________________________________________________________________________________
Regression HPC.NRW

— Reminder
— Classification: predict categorical attributes
— Regression: predict continuous-valued attributes

— Several types of regressions Example: Decision Tree Regression
— Linear models
— Ridge
— Bayesian
— Stochastic Gradient Descent (SGD)
— Non-linear models
— Support Vector Regression (SVR)
— Kernel Ridge Regression (KRR)
— Other methods
— Nearest Neighbors
— Decision Trees
— Ensembles: Random Forests, Boosting

Image: Source
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https://maniksonituts.medium.com/what-is-decision-tree-regression-dcd0ea40a323

Regression — Ensembles Techniques HPC.NRW

— Example: Random Forests
— Train multiple separate classifiers

— Prediction is majority vote or average over all trees
— Easily extends to multi-output problems ﬁ a ﬁ E s a

— Example: Decision Tree Boosting
— Train multiple classifiers and apply after each other

— Each tree compensates error from previous tree
— Requires differentiable loss function m_» g : E + S : ? + S : E

PPCES: Machine and Deep Learning




Clustering

k8 HPC.NRW

— Clustering is an unsupervised learning technique
— Training: ldentify patterns or groups automatically in data set (based on similarity or distance)
— Retrieve labels / metrics from trained model

— Several methods for different use cases (Documentation)

Method name Parameters

K-Means number of clusters
Affinity damping, sample
propagation preference
Mean-shift bandwidth
Spectral

clustering number of clusters

number of clusters
or distance
threshold

number of clusters
or distance thresh-
old, linkage type,
distance

Ward hierarchical
clustering

Agglomerative
clustering

PPCES: Machine and Deep Learning

Scalability

Very large n_samples,
medium n_clusters with
MiniBatch code

Mot scalable with
n_samples

Mot scalable with
n_samples

Medium n_samples,
small n_clusters

Large n_samples and
n_clusters

Large n_samples and
n_clusters

Usecase

General-purpose, even cluster
size, flat geometry,
not too many clusters, inductive

Many clusters, uneven cluster
size, non-flat geometry, inductive

Many clusters, uneven cluster
size, non-flat geometry, inductive

Few clusters, even cluster size,
non-flat geometry, transductive

Many clusters, possibly connec-
tivity constraints, transductive

Many clusters, possibly connec-
tivity constraints, non Euclidean
distances, transductive

Geometry (metric used)
Distances between points

Graph distance {e.%. near-
est-neighbor graph)

Distances between points

Graph distance {e.%. near-
est-neighbor graph)

Distances between points

Any pairwise distance

Image: scikit-learn



https://scikit-learn.org/stable/modules/clustering.html

Clustering — Examples

k8 HPC.NRW

MiniBatch
KMeans

Affinity
Propagation

MeanShift

Ward

Agglomerative
Clustering

DBSCAN
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Image: scikit-learn
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Clustering — Numer of Clusters HPC.NRW
— Question: How to estimate number of clusters? - ~
_ from sklearn.datasets import make_blobs
— Silhouette score [-1, 1] from sklearn.cluster import KMeans
from sklearn.metrics import silhouette score
— Evaluates how well clusters are separated # create dataset
— +71: best value X, y = make_blobs(random_state=42)
_ # train clustering model
— —1:worst value (values assigned to wrong cluster) kmeans = KMeans(n_clusters=2, random_state=42)
T . # determine score
— Otindicator for Overlappmg Clusters score = silhouette score(X, kmeans.fit predict(X))
\_
Elbow Method For Optimal k
— Ellbow plots o
— Empirically tries to determine the best value , 30
— Based on Silhouette score or distances z:z
— Here: best value is 5 = 00

PPCES: Machine and Deep Learning




What is the best method for my task? HPC.NRW

— Highly depends on the use case / problem
— How much training data do you have?
— Is your problem continuous or discrete?
— What s the ratio between # o5 aNd # 5 pies?
— Would reducing dimensionality be an option?
— Do you have a multi-task/-label problem? 3 -

scikit-learn

@ algorithm cheat-sheet

classification g
approximation ]
S e ; o0 |
WORKING a €]

— Further hints / overviews
— scikit-learn recommendations (Link)
— Data science cheat sheet (Link)

dimensionality
reduction

Image: scikit-learn
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https://scikit-learn.org/stable/tutorial/machine_learning_map/index.html
https://github.com/aaronwangy/Data-Science-Cheatsheet

	Folie 1: PPCES: Machine and Deep Learning
	Folie 2: Agenda – Friday, March 15
	Folie 3: Categorization: AI, Machine and Deep Learning
	Folie 4: Machine Learning – Disciplines
	Folie 5: Typical Machine / Deep Learning Workflow
	Folie 6: Example: Feature Engineering and Classification
	Folie 7: scikit-learn – What is it?
	Folie 8: scikit-learn – Overview
	Folie 9: Datasets
	Folie 10: Datasets
	Folie 11: Data Preprocessing
	Folie 12: Feature Selection & Dimensionality Reduction (if feature space too high)
	Folie 13: Classification
	Folie 14: Classification – Example (digits)
	Folie 15: Regression
	Folie 16: Regression – Ensembles Techniques
	Folie 17: Clustering
	Folie 18: Clustering – Examples
	Folie 19: Clustering – Numer of Clusters
	Folie 20: What is the best method for my task?

