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Artificial Intelligence: The ability of a machine to perform
tasks commonly associated with intelligent beings
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Artificial Intelligence: The ability of a machine to perform
tasks commonly associated with intelligent beings
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e Many Al applications in physics, and rising!
® T[hree main drivers:

= Complex problems

= |arge amounts of data

= Sufficient computing resources
11-16]
sics
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And many more!


https://cds.cern.ch/record/2736135?ln=en
https://www.weltderphysik.de/gebiet/teilchen/experimente/teilchenbeschleuniger/cern-lhc/lhc-faq/
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® Since >5 years working in data analysis @ CMS Experiment (LHC)

® Physics:
= Higgs Boson Pair Production

® Deep Learning:
= Supervised & Reinforcement Learning
=  Production-ready Deep Learning

e (Computing:

= Fast O(TB) Data Processing
= Pipeline Computing

Contact: @ m u
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Data:

Answers: Rock Paper Scissors
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Data:

Answers:

Data

1001010110001

0110101011101

1101011010111

Rules

Data

Answers

1010101101011, 0101101011010/ 0101101011010
0101101011110/ 1101011110100/ 1111010101101
Rock Paper Scissors

Classic
Computing

Machine

Learning

Answers

Rules
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Data
Machine Rules .
Answers Learning
Training Phase
éa )
Data . Model Predic’[ions>
(Rules)
. J

Inference Phase
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13 Types of Machine Learning

Data

Supervised
Answers Learning

Unsupervised
Learning

Environment Reinforcement Rules
Learning
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Classic Machine Learning Deep Learning

e Hand-engineered features e Machine extracts features
= time consuming = fast
= not stable = stable
= not scalable = well scalable

[ Machine ]

»abstract
\_ J
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15 Machine Learning in a Nutshell

Training

Objective

Answers
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e Find rules which connect Data— Answers (x—y)

3.0

® Dataset
2.5 1

2.0 -

1.5 -

1.0 A

0.5 A

0.0 -

-0.5

0.0 0.2 0.4 0.6 0.8 1.0
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e Approximate Linear Function f : R! - R!

e Parametrizable (1 parameter):
= Weight: w

e Functional form:y =w - Xx
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e Approximate Linear Function f : R! - R!
e Parametrizable (2 parameters):

= Weight: w

= Bias: b

e Functionalform:y=w-x+b
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e Approximate Linear Function f : RN - R!
e Parametrizable (N+1 parameters):

= Weights: w1, wo, ..., WN

= Bias: b
e Functional form: Y = 2 WX+ b
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e Approximate Linear Function f : R? > R!
e Parametrizable:

» Weights: w; =3, wy, = — 2
= Bias: b =1

e Functional form: y = 3x; — 2x, + 1

10.0

7.5

- 5.0

- 2.5

- 0.0

—-2.5

—5.0

—7.5
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e Approximate Linear Function f : RY — RY

e Multilayer perceptron with N inputs and M outputs

e Parametrizable (N-M+M parameters):
s Weights: Wy, Wip, ..., Wy

» Biases:: b, D,,...,Dy

e Functional form: v\ _ (Wi Wi Wi y 2 +<b1>
Yo War Wao Was b2

+b,
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e How good is the prediction of the model?

3.0
— Model ° o
254 @ Datf'a °® o @
Residuals @

0.0 A

—0.5

0.0 0.2 0.4 0.6 0.8 1.0
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e How good is the prediction of the model?

3.0
— Model
2.5 - Qo Data
Residuals
2.0 - pred __
1.5 T
.
1.0 K\. ®
frue
0.5 | yi
0.0 - //
_05 I 1 IL‘— 1
0.0 0.2 0.4

¥ = (y;rue _ ylpred)z
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e How good is the prediction of the model?

3.0
— Model ° o
254 @ Dat-a °® o @
Residuals @

0.0 A

_0-5 I 1 1 I
0.0 0.2 0.4 0.6 0.8 1.0

X

P = Z (yitrue _ yipred)Z
i

Small & = good modelling
Large & = bad modelling
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e Minimize objective function &Z(6)

e Update model (B) in opposite direction of gradient iteratively

d

0—0—a—

/\ dl
Step size &, Gradient

(learning rate)

3.0

— Model
254 @ Data o o

Residuals ** ® 3(9) t




28 Summary

rModel

e Linear Perceptron
y=w-x+b
Parameter @ = (w, b)

r Objective

e Fit between training data
and prediction
e Regression (mse):

Z = (ytrue _ yprea’)2

\% RWTHAACHEN
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~ Training \
e Find parameters which
minimize loss (<)
e (Gradient descent

d<

0—> 0—a——-
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High-level, interpreted (no compilation), multi-purpose programming language
Many applications:

= Software development

= Web development

= Scientific computing

= Machine learning

Designed for readability

Code structured in lines, scopes defined by indentation

state_count(count):
print(f"Count is {count}")

for i in range(2):

state_count(i)

Count 1s @
Count is 1
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e The package for scientific computing with Python
e |mplements:

= Arrays

= Matrices

= |inear algebra

e (entral element: ndarray (50x faster than Python List)
e Most low level operations implemented in C/C++ code

import numpy as np

a = np.array([1, 2, 3])
a akxkkx2 + 1

print(a)

[ 2 5 10]
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31 Jupyter Notebooks + Google Colab

e [Exercises in Jupyter Notebooks

e Execute Python code in cells

e (Computations performed by Kernel:
= Runs on server, gets tasks by notebook
= Stateful (variables, ...)

e We will use the google colab servers

N example.ipynb ¢
:(' ple.ipy

File Edit View Insert Runtime Tools Help

— + Code + Text COde ce"s

)

Q [1] import math

o 2

answer = math.pi

=

Execute © rprint(f'The answer is {answer}")

[> The answer is 3.141592653589793
Output


https://colab.research.google.com
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32 Deep Learning Libraries

e Various deep learning libraries available
e Many are open source
e Field dominated by industrial players

Deep Learning Framework Power Scores 2018

100 96.77
80

60

Score

40

20 17.15
12.02
8.37
489 365 59 1.18  1.06
0
A A : -
S 7t ?

- TensorFlow ~  PyTorch ~
® Developed by Google . e Developed by Meta ¢
e De-facto standard e Pythonic feeling

- /L _J



https://towardsdatascience.com/deep-learning-framework-power-scores-2018-23607ddf297a
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33 TensorFlow

e TensorFlow: Open source Software library for

numerical computations using dataflow graphs R \ K
= Purpose: r

— Load & preprocess data
— Build, train & reuse models

SGD Trainer

— Deploy models W omp MEoap
= (Central concepts: T (S e
— Nodes: mathematical operations | S
— Edges: tensors connecting nodes P L
O Caneir) D
. . TORT casses + 1) =
= Keras integration for easy model building —
=
W
Rot.ul.ayor |
..... W,
@ 6;:0 —0
G~ ™
S~
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34 Qur First Model (Creation)

[1]: import tensorflow as tf

[2] : model = tf.keras.models.Sequential([ Create model:
tf .keras.layers.Dense(1l, input_shape=(1,)),

1)

[3]: model.layers

[3]: [<tensorflow.python.keras.layers.core.Dense at 0x7fb91c4f3b80>]

[4]: for layer in model.layers:

for weight in layer.weights: Check Weights:
print(weight .name, weight.numpy())

dense/kernel:0 [[0.11403371] w = 0.1140337
dense/bias:0 [0.] b=20
[5]: model.predict([[1]]) Make prediction:

[5]: array([[0.1140337]1], dtype=float32) y = 0.1140337
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35 QOur First Model (Training)

(6]1: x = [[1], [2], [3], [4]]

y = [[21, [41, [6], [81] Define Training data
[7]: model.compile( .
loss="mse" Define loss
optimizer=tf.keras.optimizers.SGD(), Define optimizer
)
[8]: model.fit(x, y, epochs=300, verbose=0) Perform training

[8]: <tensorflow.python.keras.callbacks.History at 0x7fb91c523d30>

[9]: for layer in model.layers:

for weight in layer.weights: Check WelghtS
print (weight.name, weight.numpy())

dense/kernel:0 [[1.9204563]] w = 1.9204563
dense/bias:0 [0.23386857] b = 0.23386857
[10] : model.predict([[1]]) Make prediction

[10]: array([[2.1543248]], dtype=float32) y = 2.1543248
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e TJo get you started with the basic tools, we have prepared basic tutorials on

Python, TensorFlow and PyTorch. Visit the notebooks and work through the
sections.

= Python Tutorial:
— Access here
— Includes: Variables, Data-Types, Arithmetics, Comparison Operators,

Control Flow, Functions, Classes and NumPy.
= TensorFlow Tutorial:

— Access here

— Includes: Tensors, Variables, Fundamental Mathematical Operations
= PyTorch Tutorial:

— Access here
— Includes: Tensors, Fundamental Mathematical Operations


https://colab.research.google.com/github/Nollde/deep_learning_basics/blob/main/lecture1/exercise_0_python.ipynb
https://colab.research.google.com/github/Nollde/deep_learning_basics/blob/main/lecture1/exercise_0_tensorflow.ipynb
https://colab.research.google.com/github/Nollde/deep_learning_basics/blob/main/lecture1/exercise_0_pytorch.ipynb
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- Linear Regression (Playground)
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e Try the Linear Regression example at playground.tensorflow.org

1.

2.
3.
4

How many parameters does the model have?

Train the model and state the final loss ("Training Loss").
What happens for different inputs (X' & X2, only X1, only X2)?
What happens for different learning rates (0.0001, 0.001, 0.01 ,0.1, 1, 10)?

O Epoch Learning rate Activation Regularization
>l
000,081 0.01 v Linear v None
DATA FEATURES + — 1 HIDDEN LAYER

Which dataset do Which properties do
you want to use? you want to feed in?

X1

i (o]
test data: 50% D

X2

REGENERATE

Problem type

Regression

OUTPUT

Test loss 0.007
Training loss 0.008

° L) ! ...

Oico

RO I0R G

: °....§
‘3'_ .:.!4*:50

QO
L o

N

a, n
/eight valu

() Showtestdata [_] Discretize output



https://playground.tensorflow.org/#activation=linear&batchSize=10&dataset=circle&regDataset=reg-plane&learningRate=0.01&regularizationRate=0&noise=25&networkShape=1&seed=0.80300&showTestData=false&discretize=false&percTrainData=50&x=true&y=true&xTimesY=false&xSquared=false&ySquared=false&cosX=false&sinX=false&cosY=false&sinY=false&collectStats=false&problem=regression&initZero=false&hideText=false
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e Notes/Solutions:
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e |n this task we will use TensorFlow to perform a linear regression. We will first
ook at a one-dimensional case. Then we will raise the number of dimensions and

earn how the used neural network performs in high dimensional spaces.

= Open this notebook

= |nspect the data

= Build a model containing one node

= Plot the predictions of your model

= Compile the model (loss="mse", optimizer="sgd").

= Train your model for 20 epochs. After each 2 epochs of training plot the
predictions of your model. What do you observe?

= Inspect the weights of your model. What do you observe?

=  What happens if the measured data (y) is uncertain (uncertainty > 0)? Explain
your observation!

= Vary the number of input dimensions to n=1/2/10. How do you need to

change the model? Describe your observation.



https://colab.research.google.com/github/Nollde/deep_learning_basics/blob/main/lecture1/exercise_1_2_linear_regression.ipynb
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40 Exercise 1.2 - Linear Regression (tf.keras)

e Notes/Solutions:
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e Using pen and paper, show that a chain of multiple linear layers, can always be
represented as a single linear layer.

e Hints:
= Reuvisit the matrix formulation of a linear layer.
= You may start your proof with a chain of two linear layers.
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42 Exercise 1.3 [advanced] - Many Linear Layers

e Notes/Solutions:
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43 Exercise 1.4 [advanced, motivation] - Try Out!

Teach the machine!

Teachable Machine

Train a computer to recognize your
own images, sounds, & poses.
A fast, easy way to create machine learning models for

your sites, apps, and more - no expertise or coding
required.

Get Started

T onlo PSis Coral ¥ nede 3 QR (on o newro] network learn to recognize doodling?

Help teach it by adding your drawings to the
, shared publicly to help with
machine learning research.

Play agains the machine!

snarXiv

Correlators of Surface Operators Open Charm Production at High
and a Model for Instanton Liquids Energies and the Quark
Reggeization Hypothesis

0 (0%) — Pick the real paper

Your Name Submit Score

10 David Simmons-Duffin



http://snarxiv.org/vs-arxiv/
https://www.whichfaceisreal.com/index.php
https://quickdraw.withgoogle.com/?locale=en_US
https://teachablemachine.withgoogle.com/
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