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This is just a brief introduction!



Artificial inteligence

Machine learning
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Deep learning
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Data
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513451391875kL19487513047516340519830109
2194875130475163405198304b1948751304751k
513451,3918756L1948751,3047516340519630109
2194875130475163405198304b61948751304751k
513451391875bb19487513047516340519830109
219487513047516340519630461946751304751k
5134513918756619487513047516340519630109
2194875130475163405198304b1948751304751k
5134513918756619487513047516340519630109
21948751,3047516340519630461948751304 751k
513451391875kkL19487513047516340519830109
2194875130475163405198304bL1948751304751k
5134513918756L19487513047516340519630109
219487513047516340519630461948751304 751k
513451391875kbL1948751,3047516340519830109
219487513047516340519830461946751304751k
5134513918756619487513047516340519630109
2194875130475163405198304b1948751304751k
513451391875bb1948751,3047516340519830109
219487513047516340519830461948751304 751k
513451391875kbb19487513047516340519830109
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219487513047516340519630461946751304751k
3134513918756L19487513047516340519630109
513451,3918756L19487513047516340519630109
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Machine learning vs Deep learning

Feature extraction
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Machine learning algorithm Output
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Machine learning vs Deep learning

Data Deep learning algorithm Output
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513451391875661946751,30475163405196301.09
219487513047516340519830461948751304 751k
51345139187566194675130475163405196301.09
219467513047516340519830461948751304 751k
5134513918756619447513047516340519430109
219467513047516340519830461948751304 751k
51345139187566194675130475163405196301.09
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219447513047516340519830461948751304 751k
51345139187566194675130475163405196301.09
219487513047516340519830461948751304751k
51345139287566194475130475163405194301.09
219467513047516340519830461948751304 751k
513451391875661946751,30475163405196301.09
219487513047516340519830461948751304 751k
51345139287566194675130475163405196301.09
219487513047516340519830461948751304751k
5134513918756619447513047516340519430109
219487513047516340519830461948751304 751k
513451391875661946751,30475163405196301.09
219487513047516340519830461948751304 751k
51345139187566194675130475163405196301.09
219467513047516340519830461948751304751k
513451391875661948751,30475163405196301.09
51345139287566194475130475163405194301.09
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Choose Your Weapons




Context of Our Dataset

Production of Z' boson through top-fusion (semileptonic channel)




Context of Our Dataset

Representative Variables
pr(b;) An(b;, bj)
prjk) Ap(b;, bj)
pr(l) Ap(b;,1)

M(b;, b;) AR(bj, bj)

M(j1,ja) AR(jy, j2)

MT(bi +1+ MET) AR(b,,l)
My (1,MET) MET

i,j=1,2,3,4 k=12




DATA

Model Evaluation (Confusion Matrix)

PREDICTION
A B

ACCUTACY — Number of correct predictions

Y Number of all predictions
C. TP
precision — TP TP
ecall = 1P
T TP EN



Machine Learning
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Machine Learning Algorithms

Logistic Regression

Tree-like structures

Decision Tree

Random Forest| | Gradient Boosting
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Machine Learning Algorithms

Logistic Regression

Tree-like structures

Decision Tree

Random Forest| | Gradient Boosting
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Linear Regression

Y1A

/

Predict continuous

>
L1

dependent variable using a given set of independent variables

13



Linear Regression

Y1A

/

Predict continuous|dependent variable using a given set of independent variables

What we need for

classification

>
L1

problems?
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Logistic Regression

Hz) = 1+e®
logit(P) = In ( | f(lf():v) )

logit(P) = mx + b
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Logistic Regression

AP(af;) logit(P(z))
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logit
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Hz) = 1 —|—1e‘“3
logit(P) = In ( | f(lf();c

logit(P) = mx + b

)
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P(z)

0.5|--@----@---@----
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It can be used for

Classification

Logistic Regression

logit

—([=

as well as for

logit(P(z))

0O4--@----@--- @ -

8(z) = —

logit(P) = In (

—ooV--@----@--- @~

Regression|problems, but

1+e™®

P(z) )
1 — P(x)

logit(P) = mx + b

mainly used for Classification

problems
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Let’s see an example:

Code: https://github.com/Spoksonat/Particle Physics School/blob/main/logistic regression.ipynb

Data: https://drive.soogle.com/drive/folders/1gsqEcoXQzrSyUrDCFkw3kkMzuYBypOjo?usp=sharing
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https://github.com/Spoksonat/Particle_Physics_School/blob/main/logistic_regression.ipynb
https://drive.google.com/drive/folders/1gsqEcoXQzrSyUrDCFkw3kkMzuYByp0jo?usp=sharing

Machine Learning Algorithms

Logistic Regression

Tree-like structures

Decision Tree

Random Forest| | Gradient Boosting
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sunny
sunny
rain

overcast

sunny
overcast
";UHH\/
rain

rain
sunny
sunny
overcast

overcast

SN
N

Decision Trees

ves (9/16)
* Table
Category % n
yes 56.2 9
no 438 7
Total 100.0 16
sesge  NOde
“yes - branch
yes (9/12) no (4 /4)
* Table * Table
Category % n Category % n
7 750 9 yes 0.0 0
na 50 3 no 100,00 4
Tatal 75.0 12 Total 25.0 4
Wind | f
|
<= G 6
o (3/4) yes (B 8)
+ Table + Tahle:
Category % n Category % n
yes 250 1 yes 100.0 B
no 750 3 no 0.0 0
Tatal 250 4 Tetal 50.0 B
Temperature
|
c-.l?.?.E »= 275
no {3/3) yes (1/1)
* Tahle: * Tahle:
Category % n Category % n
yes 0.0 0 a5 1000 1
no 100.0 3 no 0.0 0
Total 18.8 3 Total 6.2 1

Takenfrom: https://towardsdatascience.com/from-a-single-decision-tree-to-a-random-forest-b9523be65147

Flowchart-like structure made of nodes
and branches

At each node, a split on the data is
performed based on one of the input
features, generating two or more
branches as output

This continuesuntil a node is generated

where all or almost all of the data
belongto the same class
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Quality Measures for Decision Trees

Metrics to measure the purity of a dataset

Entropy

Information gain

Gini index



Quality Measures for Decision Trees

Metrics to measure the purity of a dataset

Entropy

Information gain

Gini index



Entropy

Measure of purity or information

S(p) : Entropy of dataset p

N
S(p) —_— — Z pz ]'OgZ (pz) N : Number of classes
1=0

p; : Frequency of class ¢ in dataset p
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| ® p2=5/8
|
¢ | ® ) S = —;log2 (;) - %log2 (%) =0 S = —%10g2 (%) - %10g2 (%) = 0.9544
¢ L1
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Quality Measures for Decision Trees

Metrics to measure the purity of a dataset

Entropy

Information gain

(Gini index
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Information gain

Evaluate how good a feature is for splitting

K
Information gain = Entropy(before) — Z Entropy(j, after)

J=1

Entropy(before): Entropy of data set before splitting
Entropy(j, after): Entropy of the j-th subset generated by the split
K = Number of subsets generated by the split

If the information gain is a positive number, this means that we move from a confused dataset to a number of purer subsets



Information gain = 0.9183 — (0 + 0.9544) = —0.0361
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Quality Measures for Decision Trees

Metrics to measure the purity of a dataset

Entropy

Information gain

(Gini index



(Gini index

Another measure for purity (or actually impurity)

N
Gini impurity = 1 — E p? w; — Number of data poiths in subset ( j,aftfer)
1 Number of data points before the split

K
Gini index = Z w;Gini impurity(j,after)
j=1

The feature with the lowest Gini index is used as the next splitting feature



Let’s see an example:

Code: https://github.com/Spoksonat/Particle Physics School/blob/main/decision tree.ipynb

Data: https://drive.soogle.com/drive/folders/1gsqEcoXQzrSyUrDCFkw3kkMzuYBypOjo?usp=sharing
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https://github.com/Spoksonat/Particle_Physics_School/blob/main/decision_tree.ipynb
https://drive.google.com/drive/folders/1gsqEcoXQzrSyUrDCFkw3kkMzuYByp0jo?usp=sharing

Machine Learning Algorithms

Logistic Regression

Tree-like structures

Decision Tree

Random Forest| | Gradient Boosting
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”Many is better than one”

Single Decision Tree

>

A‘;.
/Jl \ \. a
/N d
i" N if v

N
N\
“~
-y
6

O
Class 1 .

g S " o
O © cass1 Q

Class 1

Class 1

Class 2

Random Forest

Random Forest

Class 2

Class 2

Class 1

Class 1

Takenfrom: https://towardsdatascience.com/from-a-single-decision-tree-to-a-random-forest-b9523be65147

Original Training Set

1 Sdf 200 A 1 .88

3 Fg 200 A 1 .67
2 Wdv 290 A 1 .36
4 Gh 345 B 0 .85
1 J 125 AB 0 72
3 Xev 543 B 0 93
2 gbn 367 A 1 .18

Training Subsets via Bootstrapping

[Cco | co | cot | co | con [ con | cop | con | co | co
A

ol6
1 sdf A 1 .88 1 200 1 .88

3 Fg A 1 .67 ) 200 A 1 .67
[Ccoz | con | can | cas | cos J o | co | cos | co | co
1 .36 sdf A 1

Wdv 290 A 1 200
Gh 345 B 0 85 ) 2 wdv 290 A 1
[ coi1 | coiz | cois | cots [ cols Jf coit [ cot2 | cois | cola | colo
3 Fg 200 1 67 1 sdf 200 A .88

2 wdv 290 1 .36 3 Fg 200 A 67 )
[con [ co | co | coe | crio | cus | co | o | co | cas |
sdf A 88 3 A 1

1 200 E Fg 200

3 Fg 200 A .67 [ 2 Wdv 290 A 1
[ coiz | cois | coin | cois | cois J§ coiz | cobs | cols | cols | o
A 1 J sdf 200 A 1 .88

Sdf 200 88

Wdv 290 A 1 36 ( Fg 200 A 1 .67
J 125 AB 0 L J 125 AB 0 72

Xev 543 B 0 93 Xev 543 B 0 3

Generated by bootstrapping: random sampling with replacement

= Trees are not statistically correlated

Typically, if there are m features, a subset of ,/m is considered in each splitting of each decision tree
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Let’s see an example:

Code: https://github.com/Spoksonat/Particle Physics School/blob/main/random forest.ipynb

Data: https://drive.soogle.com/drive/folders/1gsqEcoXQzrSyUrDCFkw3kkMzuYBypOjo?usp=sharing
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https://github.com/Spoksonat/Particle_Physics_School/blob/main/random_forest.ipynb
https://drive.google.com/drive/folders/1gsqEcoXQzrSyUrDCFkw3kkMzuYByp0jo?usp=sharing

Machine Learning Algorithms

Logistic Regression

Tree-like structures

Decision Tree

Random Forest| | Gradient Boosting
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Data Weighted Data
e

® ®
®0o®

hd @

Decision Tree 2
{Weak classifier)

Decision Tree 1
[Weak classifier)

-~
- ~
T ~
- ~
. Y
-
-
SR ) A
s__"Ed"_.f .
dictioy, 3
= ~
g T \.\
-
- '

Weighted Data

Decision Tree 3
(Weak classifier)

Ensemble Prediction

(Strong classifier)

Gradient Boosting

Weighted Data

Decision Tree K
[Weak classifier)

&,¢ } e
Ed ¢ ?‘ ef‘-d‘fo—‘l'l -

Takenfrom: https://www.researchgate.net/figure/The-architecture-of-Gradient-Boosting-Decision-Tree_fig2_ 356698772

Error

Iterations

Takenfrom: https://medium.com/swlh/gradient-boosting-trees-for-classification-a-
beginners-guide-596b594al4dea
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Gradient boosting algorithm is also based in the minimization of a loss function,
which tells us how far the predictions of the algorithm are from the true outputs given in training data.

A Ly

Gradient descent method:
y : Data

l Ly = 9 (y — 0)? o : Machine learning output
1

1. Select random values of weights w;. We save these values in a vector w, (represented
by the point 1 in Figure ).

Loss function

2. Calculate the gradient of the loss function L, which is VL. The gradient vector is repre-
sented as a blue arrow in Figure

3. We update the weights w, to W, — w, = W) — AVL;. This new vector of weights is
represented by the point 2 in Figure .. The parameter A is called learning rate and
tells us at which velocity we pass from point 1 to point 2 in Figure . Typically the
value of 1 is chosen manually.

4. We repeat the updating procedure (steps 2 and 3) for the weights until we reach the
minimum (until VLf = 0).

5. The values of the parameters w; which makes VLy ~ 0 are the values that gradient
boosting algorithm use to predict the final output.
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Let’s see an example:

Code: https://github.com/Spoksonat/Particle Physics School/blob/main/gradient boosting.ipynb

Data: https://drive.soogle.com/drive/folders/1gsqEcoXQzrSyUrDCFkw3kkMzuYBypOjo?usp=sharing
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https://github.com/Spoksonat/Particle_Physics_School/blob/main/gradient_boosting.ipynb
https://drive.google.com/drive/folders/1gsqEcoXQzrSyUrDCFkw3kkMzuYByp0jo?usp=sharing

Deep Learning
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Deep Learning

Their name and structure are inspired by the human brain, mimicking the way that biological neurons signal to one another

Deep neural network
Input layer Multiple hidden layers Output layer

Takenfrom: https://www.ibm.com/cloud/learn/neural-networks
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Input layer

@)

The idea of the neutral network is: Given input x = z1, 2,

Hidden layer

WA= O g

w3 We

4

21 = W1T1 + WaTsy

= Gradient descent method

Qutput layer

Non-Linearity O

Logistic sigmoid function

-
e

{l'.'ﬁ.

il |

-6 —d -1 o é JI- &
RelU function

01 = 0'(21)

... and target y, find w; that minimizes the loss function L
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Convolutional layer

A convolutional layer is a layer we add to the neural network to simplify its complexity

We convolve a filter to an input map to create a feature map (output map) that summarizes the presence of detected features in the input

Filter

T I AT B ST T I,

] .
|
3> ‘
N
N
b v .
N
™
Al i
a |
,.‘\l
o]
9!
< '
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Input map
6 x 6 image

0ojo

Clo|wm]|o| O -
QIR (= O
A== =]
oc|lolo|r | O
BHRlr|mO(= O

Cclo|lo| o o=

z

161
D=1
L':I'J\-—"il

Input map

6 x 6 image
1]olololo]1 Fiter
oO|1|0|(0|1]|0
1[1]a
oO|0|1(1|0]|0 % al1la —
1({o|ojof1]0 111 -
oO(1|0|(0|1]|0
o|(0oj1(/0|1]|0
Input map
Qutput map 6x6 iITIBQB
Filter 3 ¢ . R 1jo0|0|0]|0O|1
o of1fofof1]o
AL - G fa Co Gy ofof1][1]0]0
w ~ah = |G G GGy 1lololol1]o0
ol1/olof1]0
Cor Ca G (g olof1]of1]0
Ox-1 Ox-1 L) + (0)(-1) + (o)) Con = o
T 0T =+ E ¢ (o) = 3 =7 A
O A H (0N O F (a1 o

Dutput map
Eﬂ'.! ':.4-._ {:_1-, |:1.1|
E-E*l {;l'._ I:]_-: ':_-._.1
{:1. - I:: Vi l:"'"'s. Il: '.l.,|
CH 1 I["'Il.. I\rﬁa {—'4.'-4
Filter
1 1
* 11 —
1]-1]1
G -1 Q=1
ox1 O« -1
AR %1

Output map

3 - 1 [:_4 13 { '|||
Cn’.’: I:-L\. C—a,g [.1.1
r:_';_-, ':., LYE EI—"J‘) {:'\n;'

Cor G G £lu.|

(@) + (©)(-1) + (O)1+)
=+ + e 4 (0)(-+)

FO) HA ) v (1))

= -1
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Convolutional Neural Network

Channels
C3: 1. maps 16@10x10
C1: feature maps S4: 1. maps 16@5x5

S21.
8@ 14x1
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Classification Network

||| I|I III OO — Dog

B Convolution + ReLU [] Fully connected
B Max pooling B Softmax

Max pooling: Help over-fitting by down-sampling of an input

Softmax: Map a vector of real numbers into a probability distribution
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Max Pooling

12120 |30 | 0
8 [12| 2 [ 0 | 9« 2MamPool |20 30
34 [ 70 | 37 | 4 " [n2| 7
112100| 25 | 12

Takenfrom:https://computersciencewiki.org/index.php/Max-pooling_/ Pooling

224x224x64

pool

— >

224

112x112x64

224

P
downsampling

112
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Softmax Function

1.3 0.02]

5.1 pZi 0.90

2.2 | e | 0.05
St e

0.7 e 0.01

1.1 0.02]




import tensorflow as tf

from tensorflow import keras Epoch: one cycle through the full training dataset
import numpy as np

import matplotlib.pyplotas plt

. D: Stochasti dient D t
model = keras.models.Sequential([ SGD: Stochastic Gradient Descen

keras.layers.Flatten(input_shape=47), See: https://www.kdnuggets.com/2020/12/ optimization-algorithms-neural-networks.html
keras.layers.Dense(300, activation="relu"),

keras.layers.Dense(100, activation="relu"),

keras.layers.Dense(2, activation="softmax")

1)

model.compile(loss="sparse_categorical crossentropy",
optimizer="sgd",
g - " % " Softmax Cross-Entropy
metrics=["accuracy"])

model.fit(x_train,y_train, epochs=30, (@)= — ce =Y ylog (50

. Zje’
validation_data=(x_test,y_test))

| o S

. 4 N

Adapted from: https://thecleverprogrammer.com/2022/01/10/classification-with-neural-networks-using-python/
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Thanks!



