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Machine Learning

Machine learning is a subset of artificial intelligence that gives
computers the ability to learn without being explicitly programmed

Algorithms that can learn from and make predictions on data

Classification
Clustering
Regression

Machine Learning plays important role from analysis to event
reconstruction and identification in HEP

2 / 44



Types of Learning

Supervised: Learning with a labelled training set

Unsupervised: Discover patterns in unlabelled data

Semi-Supervised: Semi-supervised learning is describes a task of
learning a functional form from data that has both labelled and
unlabelled instances.
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Introduction to ANN

Basic building block of artificial neural network

Activation functions: sigmoid, ReLu and tanh

f (x) =
1

1 + e−x
(1)
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Introduction to Deep Learning

It uses many-layered deep neural networks (DNN) to learn levels of
representation and abstraction that makes sense of data.
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Overfitting
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Objectives

Search for new resonances beyond the Standard Model (SM) using
Machine Learning techniques.

Combine weak-supervision and full-supervision in conjunction with
Deep Neural Network algorithms.

Classifying events as Signal or Background:

Signal (Monte Carlo, period 15-17): ggH,WH,ZH, VBFH, ttH
Background (Monte Carlo, period 15-17): γγ, γjet, Vγ, Vγγ.

Region of focus:
Background Side Band:

115 GeV < mγγ < 120 GeV || 130 GeV < mγγ < 135 GeV
Sample 1

Signal Mass Window

120 GeV < mγγ < 130
Sample 2 (including background in the region)
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Data: Background

Entries Weights

γγ 9.930x106 1.137x105

γjet 1.362x105 4.739x104

Vγ 3907 979.6

Vγγ 16168 199.3
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Data: Signal

Entries Weights

WH 3.045x105 83.68

ZH 2.970x105 47.26

ggH 3.515x106 3328

VBFH 1.436x106 268.5

ttH 1.648x106 37.1
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Model Architecture

Fully connected layers
7 hidden layers
250, 170, 150 (last 5 layers) nodes
ReLu activation function

Output [0,1]
Sigmoid

Hyper-parameters:
Number of epochs: 150
Batch size: 500
Optimizer: Adam
Learning rate: 8.52x10−4

Decay = 3.005x10−2

Framework: Keras with TensorFlow backend

The network architecture is kept constant
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VBF125
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m yy

Figure: 10 VBF125 events Figure: 100 VBF125 events

Figure: 250 VBF125 events Figure: 1000 VBF125 events
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Response Distributions

Figure: 10 VBF125 events Figure: 100 VBF125 events

Figure: 250 VBF125 events Figure: 1000 VBF125 events
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Response Distribution: m yy cuts

Figure: 10 VBF125 events Figure: 100 VBF125 events

Figure: 250 VBF125 events Figure: 1000 VBF125 events
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ttH125
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m yy

Figure: 10 ttH125 events Figure: 100 ttH125 events

Figure: 250 ttH125 events Figure: 1000 ttH125 events
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Response Distributions

Figure: 10 ttH125 events Figure: 100 ttH125 events

Figure: 250 ttH125 events Figure: 1000 ttH125 events
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Response Distribution: m yy cuts

Figure: 10 ttH125 events Figure: 100 ttH125 events

Figure: 250 ttH125 events Figure: 1000 ttH125 events
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ggH125
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m yy

Figure: 10 ggH125 events Figure: 100 ggH125 events

Figure: 250 ggH125 events Figure: 1000 ggH125 events
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Response Distributions

Figure: 10 ggH125 events Figure: 100 ggH125 events

Figure: 250 ggH125 events Figure: 1000 ggH125 events
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Response Distribution: m yy cuts

Figure: 10 ggH125 events Figure: 100 ggH125 events

Figure: 250 ggH125 events Figure: 1000 ggH125 events

22 / 44



ggZH125
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m yy

Figure: 10 ggZH125 events Figure: 100 ggZH125 events

Figure: 250 ggZH125 events Figure: 1000 ggZH125 events
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Response Distributions

Figure: 10 ggZH125 events Figure: 100 ggZH125 events

Figure: 250 ggZH125 events Figure: 1000 ggZH125 events
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Response Distribution: m yy cuts

Figure: 10 ggZH125 events Figure: 100 ggZH125 events

Figure: 250 ggZH125 events Figure: 1000 ggZH125 events
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WH125
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m yy

Figure: 10 WH125 events Figure: 100 WH125 events

Figure: 250 WH125 events Figure: 1000 WH125 events
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Response Distributions

Figure: 10 WH125 events Figure: 100 WH125 events

Figure: 250 WH125 events Figure: 1000 WH125 events
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Response Distribution: m yy cuts

Figure: 10 WH125 events Figure: 100 WH125 events

Figure: 250 WH125 events Figure: 1000 WH125 events
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ROC Curves

Figure: 10 events Figure: 100 events

Figure: 250 events Figure: 1000 events
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1D Distributions: Background vs ggH Signal
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1D Distributions: Background vs ggH Signal
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1D Distributions: Background vs ggH Signal
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1D Distributions: Background vs ggH Signal
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1D Distributions: Background vs ggH Signal
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Variables Ranking: ggH and VBFH
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Variables Ranking: ttH, ZH and WH
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Supervised Learning Response Distribution
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Unlabeled-Supervised Learning Response Distribution
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ROC curves comparison
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Unlabeled-Supervision: Statistical effect on VBF
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Unlabeled-Supervision:Statistical effect on ZH
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Conclusion

There is good separation power for both weak supervision and
supervised learning

Weak supervision shows a good improvement for both VBHF and ZH
when you increase the statistics

The weak supervision can be applied to the real data since we do not
know what is signal and what is background
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