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SM Effective Field Theory(SMEFT)
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SMEFT : Global Analysis

Precision electroweak data, LHC Run 1 & 2 data (Higgs production, pair of gauge
bosons)

Observable Measurement ef. SM Prediction
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Signal Strength
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Why Machine Learning is
required for HEP analyses?

Classification between signal and background process
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* « Rectangular kinematic requirements

« Simple variables regression
« All variables regression

0.2 0.4 0.6

signal efficiency

Need to quickly identify subtle effects in multidimensional distributions



SMEFT analyses using ML

VBF channel (not a reality yet)

VH channel (data available )



More subtle kinematic signatures
Higgs EFT via VH channel

(Generic EFT effect

/
O

Specific operator which produces it



Broad Categories of ML

Supervised Learning (labelled data)
Unsupervised Learning (finding patterns and structure)

Reinforcement Learning (interaction with an environment)



Neural Network : basic
structure

Input layer nodes : set of
observables(kinematical
features)

Number of hidden layers
(shallow or deep NN)

Output layer : binary/multi-
class classification




Key Insights

Loss function
Dropouts
Activation function
Backpropagation
Epochs

Receiver operative characteristic (ROC)

Sigmoid

Hyperbolic Tangent
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1D and 2D features

3 sm
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Appropriate Performance
Measure for HEP Analysis

Discovery Significance

Asimov Significance

Specific (Asimov) Loss function




Neural Network Architecture

Hidden layer : 1 (optimised)

Dropouts : 0.2

Activation function : ReLu

Training set : Test set =70 % : 30% (data scaling)

Loss function : Asimov loss function (pre-training with MSE)



Classifier Output

Pretraining with steep loss function

Pre-training with usual loss function and
5 epochs >
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ROC (SMEFT vs SM Higgs background)
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Current limit at 95% CL

Asimov significance vs Luminosity
systematics 50%

Possible improvement



Combining oL+1L+2L for a limiting case

Asimov significance vs Luminosity
systematics 50%

CHW — 0.001 (OL)

500 1000




Further...

This analysis is a analysis

Scaling for more operators and coefhicients
Hadronization, showering effects, detector simulation
Global analysis using this algorithm (is in progress)

We are discussing with ATLAS (VH) subgroup

Different algorithms for same analysis set-up



Summary and Outlook

Use of ML techniques to exploit kinematic information in SMEFT
framework

VH channel analysis (proof-of-concept) : one operator

This analysis may provide significant stronger bounds on EFT
coefhicient

Scalability for more operators

Use/test this approach for actual LHC data
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Bias-Variance Trade-off

Bias : Deviation from the true value

Variance : fluctuations due to sample size

Variance
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Model Complexity




