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Why talk about machine learning?



Why talk about machine learning?

because

it is an essential set of algorithms for building models in science,
fast development of new tools and algorithms in the past years,
nowadays it is a requirement in experimental and theoretical physics,

large interest from the HEP community: IML, conferences, grants.



When apply machine learning in theoretical physics?



When apply machine learning in theoretical physics?

at least in two situations:

e Ambiguous choices. e Lack of information.



A.l. and M.L. overview
Non-linear models

Learning basics

Part 11

e Theoretical physics inspiring ML models
e Examples in HEP-TH:

e ML applied to parton model

e ML in jet physics

e ML examples in Monte Carlo simulation



Artificial Intelligence



Artificial intelligence timeline
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Defining A.l.

Artificial intelligence (A.l.) is the science and engineering of making
intelligent machines. (John McCarthy ‘56)



Defining A.l.

Artificial intelligence (A.l.) is the science and engineering of making
intelligent machines. (John McCarthy ‘56)

Machine learning

Natural language processing

Artificial intelligence

Computer vision
Planning
Robotics

A.l. consist in the development of computer systems to perform tasks
commonly associated with intelligence, such as learning. 5



A.l. and humans

There are two categories of A.l. tasks:

e abstract and formal: easy for computers but difficult for humans,
e.g. play chess (IBM's Deep Blue 1997).
— Knowledge-based approach to artificial intelligence.




A.l. and humans

There are two categories of A.l. tasks:

e abstract and formal: easy for computers but difficult for humans,
e.g. play chess (IBM's Deep Blue 1997).
— Knowledge-based approach to artificial intelligence.

e intuitive for humans but hard to describe formally:
e.g. recognizing faces in images or spoken words.
— Concept capture and generalization
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A.l. technologies

Historically, the knowledge-based approach has not led to a major success
with intuitive tasks for humans, because:

e requires human supervision and hard-coded logical inference rules.

e lacks of representation learning ability.



A.l. technologies

Historically, the knowledge-based approach has not led to a major success
with intuitive tasks for humans, because:

e requires human supervision and hard-coded logical inference rules.

e lacks of representation learning ability.

Solution:

The A.l. system needs to acquire its own knowledge. '\9@ I
This capability is known as machine learning (ML). A\?ﬁ
— e.g. write a program which learns the task. M



Machine Learning



Machine learning definition

Definition from A. Samuel in 1959:
Field of study that gives computers the ability to learn without being

explicitly programmed.



Machine learning definition

Definition from A. Samuel in 1959:
Field of study that gives computers the ability to learn without being

explicitly programmed.

Definition from T. Mitchell in 1998:

A computer program is said to learn from experience E with respect to
some class of tasks 7" and performance measure P, if its performance on
T, as measured by P, improves with experience F.



ML applications in our “day life”



Machine learning examples

Thanks to work in A.l. and new capability for computers:

e Database mining:
e Search engines
e Spam filters
e Medical and biological records

LESIONS LEARNT
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Machine learnin amples

Thanks to work in A.l. and new capability for computers:

e Database mining:

e Search engines

e Spam filters

e Medical and biological records
e Intuitive tasks for humans:

e Autonomous driving
e Natural language processing

Robotics (reinforcement learning)

Game playing (DQN algorithms)
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Machine learnin amples

Thanks to work in A.l. and new capability for computers:

e Database mining:

e Search engines

e Spam filters

e Medical and biological records
o Intuitive tasks for humans:

e Autonomous driving
e Natural language processing

Robotics (reinforcement learning)

Game playing (DQN algorithms)
e Human learning:

e Concept/human recognition

e Computer vision
e Product recommendation

10



ML applications in HEP
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ML in experimental HEP

Some remarkable examples are:

e Signal-background detection:

Decision trees, artificial neural networks, support vector machines.
e Jet discrimination:

Deep learning imaging techniques via convolutional neural networks.
e HEP detector simulation:

Generative adversarial networks, e.g. LAGAN and CaloGAN.
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ML in theoretical HEP

m
Voo

xf(xp?=10° Gev?) |

e Supervised learning: 08
e The structure of the proton at the LHC

e parton distribution functions

e Theoretical prediction and combination osf
e Monte Carlo reweighting techniques N
e neural network Sudakov w0 1
e BSM searches and exclusion limits ==
e Unsupervised learning: ﬂ
e Clustering and compression }
e PDF4LHC15 recommendation g

e Density estimation and anomaly detection

:
e Monte Carlo sampling
0
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Machine learning algorithms

Machine learning algorithms: Supervised learning

e Supervised learning:

regression, classification, ...

Training Data Set
Desired Output

Labels are known - + N\

~/ + + Algorithm
/ *

® C | Processing I
[ ] 'S Y
| Output I

\/
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Machine learning algorithms

Machine learning algorithms: U ainetreedl Ny

e Supervised learning:
regression, classification, ...

e Unsupervised learning:
clustering, dim-reduction, ...

Discover
Interpretation
from Features

Labels are unknown ®

/ ~ o @ Algorithm
[ J

[ ]
o0 | Processing I
®e o
| Output I

\/
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Machine learning algorithms

a . . Reinforcement learnin
Machine learning algorithms: 2

. . | Input Data |
e Supervised learning:

regression, classification, ...

e Unsupervised learning:
clustering, dim-reduction, ...

Best Action Reward

e Reinforcement learning:

real-time decisions, ...

Environment

Algorithm

| Output I
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Machine learning algorithms

Deep Boltzmann Machine (DBM)
Deep Belief Networks (DBN) |
——————— | peep Learning
Convolutional Neural Network (CNN) ¢~
Stacked Auto-Encoders
Random Forest
Gradient Boosting Machines (GBM)

Boosting |

Bootstrapped Aggregation (Bagging) l\ Ensemble

AdaBoost
Stacked Generalization (Blending) )|
Gradient Boosted Regression Trees (GERT) /

Radial Basis Function Network (REFN)
Perceptron |

+,_Neural Networks
Back-Propagation

Hopfield Nework

Ridge Regression
Least Absolute Shrinkage and Selection Operator (LASSO)

| /
ElasticNet

Least Angle Regression (LARS)
Cubist
One Rule (OneR) |
= Rule System /
Zero Rule ZeroR) ——
Repeated Incremental Pruning to Produce Error Reduction (RIPPER) |

Linear Regression
Ordinary Least Squares Regression (OLSR) |

Stepwise Regression | /
—— | Regression /
Multivariate Adaptive Regression Splines (MARS)
Locally Estimated Scatterplot Smoothing (LOESS)

Logistic Regression

More than 60 algorithms.

Clustering
\ Clustering y

Naive Bayes

Averaged One-Dependence Estimators (AODE)
Bayesian Belief Nework (BBN)
Gaussian Naive Bayes
Muttinomial Naive Bayes

Bayesian (

\_ Bayesian Network (BN)

Classification and Regression Tree (CART)
Iterative Dichotomiser 3 (ID3)

c4.5
Cs.0

Decision Tree

Chi-squared Automatic Interaction Detection (CHAID)
Decision Stump

|\_Conditional Decision Trees
\_ M5

Principal Component Analysis (PCA

' Partil Least Squares Regression (PLSR
sammon Mapping

Muttidimensional Scaling (MDS)
Projection Pursuit
Principal Component Regression (PCR)

Dimensionality Reduction

Partial Least Squares Discriminant Analysis
Mixture Discriminant Analysis (MDA)

Quadratic Discriminant Analysis (QDA)
Regularized Discriminant Analysis (RDA)

Flexible Discriminant Analysis (FDA)
_ Linear Discriminant Analysis (LDA)
k-Nearest Neighbour (kNN)
Learning Vector Quantization (LVQ)
{__Self-Organizing Map (SOM)
\_ Locally Weighted Learning (LWL)
k-Means
[ k-Medians

Expectation Maximization
Hierarchical Clustering

15



Models and metrics



Workflow in machine learning

The operative workflow in ML is summarized by the following steps:

Data

Cost function

Optimizer

The best model is then used to:

e supervised learning: make predictions for new observed data.

e unsupervised learning: extract features from the input data.

16



Model representation in supervised learning

Examples of models:

— Linear regression we define a vector x € R"™ as input and predict the

value of a scalar y € R as its output:
gx) =wlz+b

where w € R"™ is a vector of parameters and b a constant.

17



Model representation in supervised learning

Examples of models:

— Linear regression we define a vector x € R"™ as input and predict the
value of a scalar y € R as its output:

gx) =wlz+b
where w € R"™ is a vector of parameters and b a constant.

— Generalized linear models are also available increasing the power of
linear models:
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Model representation in supervised learning

Examples of models:

— Linear regression we define a vector x € R"™ as input and predict the
value of a scalar y € R as its output:

gx) =wlz+b
where w € R"™ is a vector of parameters and b a constant.

— Generalized linear models are also available increasing the power of
linear models:
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— Non-linear models: neural networks (talk later). -



Model representat de-offs

However, the selection of the appropriate model comes with trade-offs:

e Prediction accuracy vs interpretability:
— e.g. linear model vs splines or neural networks.

A

@ Linear Regression

@ Decision Tree
@ K-Nearest Neighbors

Interpretability °
Random Forest

@ Support Vector Machines

@ Neural Nets

>

Accuracy

18



Model representation trade-offs

However, the selection of the appropriate model comes with trade-offs:

e Prediction accuracy vs interpretability:
— e.g. linear model vs splines or neural networks.

e Optimal capacity/flexibility: number of parameters, architecture
— deal with overfitting, and underfitting situations

Underfitting Appropriate capacity Overfitting
°®
£ /< > =
° ®
2y Zy Zy
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Assessing the model performance

How to check model performance?
— define metrics and statistical estimators for model performance.
Examples:

e Regression: cost / loss / error function,

e Classification: cost function, precision, accuracy, recall, ROC, AUC

19



Assessing the model performance - cost function

To access the model performance we define a cost function J(w) which
often measures the difference between the target and the model output.

In a optimization procedure, given a model ¢,,, we search for:

arg min J(w)

w

The mean square error (MSE) is the most commonly used for regression:

Tw) = 30— tho(@:))?
=il

a quadratic function and convex function in linear regression.

Linear regression example
3T —

Optimization of w
T T T

T T

ain)

MSE(tr

JR ) L 1 i |
—1.0 -0.5 0.0 05 1.0
x
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Cost function minimization

Optimization algorithms minimize an objective
function, J(w), that depends on the model & Jw)
internal learnable parameters w.

arg min J(w)

\/

21



Cost function minimization

Optimization algorithms minimize an objective
function, J(w), that depends on the model & Jw)
internal learnable parameters w.

arg min J(w)

w

\/

The most popular techniques are:

e normal equations (least squares)
e derivative based optimization

e evolutionary algorithms

The choice of a technique depends on the model and problem employed.

21



Training and test sets

Another common issue related to model capacity in supervised learning:

e The model should not learn noise from data.

e The model should be able to generalize its output to new samples.

22



Training and test sets

Another common issue related to model capacity in supervised learning:

e The model should not learn noise from data.

e The model should be able to generalize its output to new samples.
To observe this issue we split the input data in training and test sets:
e training set error, Jp,(w)

e test set/generalization error, Jrest(w)

Total number of examples

Training Set Test Set

22



nce trade-off

From a practical point of view dividing the input data in training and test:

— - 'Training error
[Underfitting zone| Overfitting zone

—— Generalization error

Error

0 Optimal Capacity
Capacity

The training and test/generalization error conflict is known as
bias-variance trade-off.

23



Bias-variance trade-off

If 4 increases flexibility, its variance increases and its biases decreases.

Choosing the flexibility based on average test error amounts to a
bias-variance trade-off:

e High Bias — underfitting:
erroneous assumptions in the learning algorithm.
e High Variance — overfitting:

erroneous sensitivity to small fluctuations (noise) in the training set.

Underfitting zone Overfitting zone

Generalization

€r1or

Variance

- | e—
——-—_-..T"---—--;

Lol
Optimal Capacity

capacity
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Solution for the bias-variance trade off

A common way to reduce the bias-variance trade-off and choose the
proper learning hyperparamters is to create a validation set that:

e not used by the training algorithm

e not used as test set

Total number of examples

Training Set m Test Set

e Training set: examples used for learning.
e Validation set: examples used to tune the hyperparameters.

e Test set: examples used only to access the performance.

25



ML in practice

Perform hyperparameter tune coupled to cross-validation:

Runl

Run Il

Runn

.
T
.
.

Cross-validation

Cross-validation

Cross-validation

Test set

Test set

Test set

Easy parallelization at search and cross-validation stages.

26



Artificial neural networks



Limitations of linear models

Why not linear models everywhere?

27



Limitations of linear models

Why not linear models everywhere?

Example: consider 1 image from the MNIST database:

0 0 0 0 0 0 0 o o 0 0 0 o o
0 0 0 0 0 0 0o o o o0 0 0 o o
o 0 0 o 0o o @ M o o o o o o
o o 0o o o o @ M o o o 0 0 o
o 0 0 o o0 o @@ M o o o o o o
o 0 0 0o 0o o B H M o o o o o
~ o o 0o 00 0 o W HE o o 0 0 o
T o o 0 00 0 o B EW o o 0 0 0
o 0 0 0o 0o 0o o H HW o o o o o
o 0 0o 0o o0 0o o @ M o o o o o
o 0 0 0o 0o o o HW M a4 0 o o o
o 0 0 0o 0o o o @ M a4 0 0 o o
0 0 0 0 0 0 0 o o 0 0 0 o o
© 0 0 0 0 0 0o o o o0 0 0 o o

Each image has 28x28 pixels = 785 features (x3 if including RGB colors).

If consider quadratic function O(n?) so linear models are impractical.
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Limitations of linear models

Why not linear models everywhere?

Example: consider 1 image from the MNIST database:

0 0 0 0 0 0 0 o o 0 0 0 o o
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o 0 0 0o 0o o B H M o o o o o
~ o o 0o 00 0 o W HE o o 0 0 o
T o o 0 00 0 o B EW o o 0 0 0
o 0 0 0o 0o 0o o H HW o o o o o
o 0 0o 0o o0 0o o @ M o o o o o
o 0 0 0o 0o o o HW M a4 0 o o o
o 0 0 0o 0o o o @ M a4 0 0 o o
0 0 0 0 0 0 0 o o 0 0 0 o o
© 0 0 0 0 0 0o o o o0 0 0 o o

Each image has 28x28 pixels = 785 features (x3 if including RGB colors).
If consider quadratic function O(n?) so linear models are impractical.

Solution: use non-linear models.

27



Non-linear models timeline

1980

Neocogitron

SOMs 2006
1985 Deep BMs
Boltzmann

Deep Belief NNs
Machine
1958

2012
Perceptron

Dropout
1940

1943
Neural Nets

1974 2014
Backpropagation

GANs
1986

Multilayer Perceptron
vy Restricted BMs, RNNs
1982

Hopfield

Networks

28



Neural networks

Avrtificial neural networks are computer systems inspired by the biological
neural networks in the brain.

\

Currently the state-of-the-art technique for several ML applications. 29



Neuron model

We can imagine the following data communication pattern:

Node of
Ranvier

Schwann cell

Myelin sheath

Logical Unit

30



Neuron model

Schematically:

Output

Weights

where

e each node has an associate weights and bias w and inputs z,
e the output is modulated by an activation function, g.

Some examples of activation functions: sigmoid, tanh, linear, ...
1

= T o=wms’ tanh(w’z), .

9w ()
31



Neural networks

In practice, we simplify the bias term with zy = 1.

Neural network — connecting multiple units together.

Input Layer ~ Hidden Layer

Layer 1 Layer 2 Layer 3
where

° az(.l) is the activation of unit 7 in layer [,

®

e w,; is the weight between nodes i, j from layers [,l + 1 respectively.

32



Neural networks

Input Layer ~ Hidden Layer

Layer 1 Layer 2 Layer 3

(2) (1) (1) (@)

e a; =g(wyg +wiy @1+ w2 + w13 x3)
° agQ) = g(wéo) + wél)fl + w§2):1:2 + w23 )
. agQ) = 9(“{(30) + wéi)fl +wiy)ws + wss )
e Output — 0 = g(w? + 0Da® 1 @ a® 1 D aD)
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Neural networks

Some useful names:

e Feedforward neural network: no cyclic connections between nodes
from the same layer (previous example).

e Multilayer perceptron (MLP): is a feedforward neural network with
at least 3 layers.

e Deep neural networks: term referring to neural networks with more

than one hidden layer.

34



ial neural networks architectures

Some examples of neural network popular architectures:

e Recurrent neural networks: neural networks where connections
between nodes form a directed cycle.
e built-in internal state memory
e built-in notion of time ordering for a time sequence

wi}) /.<2 wif-)

35



rtificial neural networks architectures

e Convolutional neural networks: multilayer perceptron designed to
require minimal preprocessing, i.e. space invariant architecture.
e the hidden layers consist of convolutional layers, pooling layer, fully
connected layers and normalization layers
e great successful applications in image and video recognition.

Feature maps

:_%:::::_- T

Convolutions Subsampling Convolutions Subsampling  Fully connected

36



ial neural networks architectures

e Generative adversarial network: unsupervised machine learning
system of two neural networks contesting with each other.

e one network generate candidates while the other discriminates.

Training set ZV

Discriminator

Real

/ Fa ke

¢

Generator Fake image

37



rtificial neural networks architectures

Other popular examples:

e Recursive neural networks: a variation of recurrent neural network
where pairs of layers or nodes are merged recursively.

e successful applications on natural language processing.
e some recent applications for model inference.
e Long short-term memory: another variation of recurrent neural
networks composed by custom units cells:
e LSTM cells have an input gate, an output gate and a forget gate.
e powerful when making predictions based on time series data.
e Boltzmann Machines: is a generative stochastic recursive artificial
neural network.

e comes with energy-based model features and advantages.

38



Theoretical physics inspiring ML




Introduction

We started this project aiming to build a model with:

e well suited for pdf estimation and pdf sampling
e built-in pdf normalization (close form expression)

e very flexible with a small number of parameters

We decided to look at energy models, specifically Boltzmann Machines.

ML models & tools o \>_

39



Boltzmann machine

Graphical representation:

40



Boltzmann machine

Graphical representation: [Hinton, Sejnowski ‘86]

N, < “Visible" sector

40



Boltzmann machine

Graphical representation: [Hinton, Sejnowski ‘86]

“Hidden" sector —

N, < “Visible" sector

40



Boltzmann machine

Graphical representation: [Hinton, Sejnowski ‘86]

Binary valued
states {0, 1}

40



Boltzmann machine

Graphical representation: [Hinton, Sejnowski ‘86]

Binary valued
states {0, 1}

Connection W

matrices

40



Boltzmann machine

Graphical representation: [Hinton, Sejnowski ‘86]

Connection Binary valued

states {0,1}

—_— W
matrices

e Boltzmann machine (BM): T"and @ # 0.
e Restricted Boltzmann machine (RBM): T'=Q = 0.

40



Boltzmann machine
Energy based model:

[Hinton, Sejnowski ‘86]

View as statistical mechanical system.

41



Boltzmann machine

Energy based model: [Hinton, Sejnowski ‘86]

View as statistical mechanical system.

The system energy for given state vectors (v, h):

1 1
E(v,h) = ivtTU + §thh + v'Wh+ Bph + Byv

41



Boltzmann machine

Energy based model: [Hinton, Sejnowski ‘86]

View as statistical mechanical system.

The system energy for given state vectors (v, h):

E(v,h) = fvav—F thh—i—v Wh + Bph + Byv

AN S NG |

State vectors Connection matrices Biases
41



Boltzmann machine

Energy based model: [Hinton, Sejnowski ‘86]
Starting from the system energy for given state vectors (v, h):

1 1
E(v,h) = ivtTv + ithh +v'Wh + Bph + By

The canonical partition function is defined as:

7 — Ze—E(w,h)

h,v

Probability the system is in specific state given by Boltzmann distribution:

e—E(v,h)
P(v,h) = —
with marginalization:
Pv) = e—;(v) — Free energy

42



Boltzmann machine

Learning: [Hinton, Sejnowski ‘86]

Theoretically, general compute
medium.

Via adjusting W, T, Q, By, B, able
to learn the underlying probability

n, distribution of a given dataset.

However: practically not feasible
For applications only RBMs have been considered.

43



Riemann-Theta Boltzmann machine

How to change the status quo? [Krefl, S.C., Haghighat, Kahlen ‘17]
Keep the inner sector couplings non-trivial, but the machine solvable?

Continuous
valued € R

Continuous
valued € R

P(v) = multi-variate gaussian (too trivial)

a4



Riemann-Theta Boltzmann machine

How to change the status quo? [Krefl, S.C., Haghighat, Kahlen ‘17]
Keep the inner sector couplings non-trivial, but the machine solvable?

“Quantized”
S/

Continuous
valued € R

Something interesting happens

Under mild constraints on connection matrices (positive definiteness,...)

45



Riemann-Theta Boltzmann machine

How to change the status quo? [Krefl, S.C., Haghighat, Kahlen ‘17]
Keep the inner sector couplings non-trivial, but the machine solvable?

“"Quantized”
S/

e Continuous
I ! valued € R
Po) = | 3T 4oiropie-piT B, 0B}, +v'W|Q)
Sy @m)fe 0(B. — BtT-1W|Q — WtT—1W)

Closed form analytic solution still available!

45



Riemann-Theta Boltzmann machine

RTBM [Krefl, S.C., Haghighat, Kahlen ‘17]
Novel very generic probability density:

Blu) = det T o 30'Tv—BLo—BiT B, _ 0(B), + v'W|Q)
(2m) e T 9@ <IW|Q — WET-1W)
Damping factor Riemann-Theta function

The Riemann-Theta definition:

G(Z,Q) = Z 627ri(%n‘5'2n+nf,z)

nezZNh

Key properties: Periodicity, modular invariance, solution to heat
equation, etc.

Note: Gradients can be calculated analytically as well so gradient
descent can be used for optimization.
46



RTBM applications




Riemann-Theta Boltzmann machine

In the next we show examples of RTBMs for

Probability determination

Probability sampling

Conditional probability

Feature detection for data classification

Data regression

47



Probability determination




Riemann-Theta Boltzmann machine

RTBM P(v) examples: [Krefl, S.C., Haghighat, Kahlen ‘17]

0175
0.05
0150
ood 0125
003 0100
3 °
0075
002
0050
0o
0025
000 0.000
o 2 oz & 6 & 1
10
20
08
08
15
05 06
3 3 ’
10
04 04
02 02 0s
00 00 0o
T30 -is 1o 65 00 o5 10 15 20 30 15 -lo -05 oo 05 1o 15 20 3o 15 1o 05 oo os 10 15 20

For different choices of parameters (with hidden sector in 1D or 2D).
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Riemann-Theta Boltzmann machine

Mixture model: [Krefl, S.C., Haghighat, Kahlen ‘17]

Expectation: y
As long as the density is well enough &«
(AN

behaved at the boundaries it can be
learned by an RTBM mixture model.

49



Riemann-Theta Boltzmann machine

Examples: [Krefl, S.C., Haghighat, Kahlen ‘17]

0200 o
05
0175 0175
04 0150 0150
0125 0125
03
3 ? 0100 ? 0100
02 0075 0075
0,050 0050
01
0025 0025
o
T B © H 3 00 25 50 75 100 125 150 175 200 Tloo 75 50 25 o0 25 50 75 100
02
04
L P
02
6
6
s
4
2
2
"o o
- -2
a -4
" -6
% 4 = 5 2 4 & oo o2 J5 & 2 o 5 & & o o3 0%
v P v P

Top N, =1, Nj = 3,2,3, button N,, =2, N, = 1 (2x RTBM), 2. 50



Probability sampling




RTBM sampling algorithm

The probability for the visible sector can be expressed as:

P(v) =) P(v|h)P(h) P(h)
[h] V2
where P(v|h) is a multivariate gaussian. The P(v) E(h) h
sampling can be performed easily by:
e sampling h ~ P(h) using the RT numerical A
evaluation 6 = 6,, + ¢(R) with ellipsoid radius R so P(v)
e(R)
=" <1
p gn + E(R) < 7B, v
is the probability that a point is sampled outside the  ®
ellipsoid of radius R, while ¢ . e .
0 n 2 : .
S P(h) =~ % :
O R ’ . .
[R](R) T 6( ) -2 . .
i.e. sum over the lattice points inside the ellipsoid. B T T s T3

e then sampling v ~ P(vlh) 51



Sampling examples

RTBM P(v) sampling examples: [S-C. and Krefl ‘18]

o016 — Gamma paf — Gaussian mixture pdf 030 — Cauchy par
™ — RTBM model 0.08 — RTBM model — RTBM model
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Top N, =1, N, = 2,3(2x RTBM), 3, button N,, =1, N}, = 3.
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Sampling distance estimator

Distribution  Xfrpu/Noms MSEjeiig® MSE4P"8 MSERT KS distance

Gamma 0.02/50 2.107° 2.6-107° 3.4-107* 0.01
Cauchy 0.12/50 29-107* 3.7.107* 1.5-107° 0.02
Gaussian mixture  0.01/50 6.7-10°° 1.4.10° 9.3-107° 0.01
GOOG 0.10/50 2.7-107*  95.107% 2.5-107* 0.02
XOM 0.09/50 26-107*  6.7-107° 3.7-107* 0.02

TABLE I: Distance estimators for the sampling examples in figure:
given in sectio The mean squared error (MSE) is taken between the sampling, the RTBM model and the underlying
distribution (pdf). The Kolmogorov-Smirnov (KS) distance is shown in the last column of the table. For GOOG and XOM
the empirical distribution is employed as underlying pdf.

and[4] Exact definitions for all distance estimators are

Distribution Mean 2nd moment 3th moment 4th moment
Gamma 7.43 (7.43) [7.49] | 6.91 (6.89) [7.41] | 10.03 (10.03) [13.79] | 154 (153.23) [195.8]
Cauchy 0057 (-0.057) [] | 11.64 (11.64) [] -4.63 (-4.97) [-] 1749.8 (1753) []
Gaussian mixture|-1.48 (-1.48) [-1.31][34.45 (34.45) [34.29][134.35 (136.67) [131.78][3558.7 (3571.8) [3569.1]
GOOG 0.06 (0.06) [0.08] | 3.28 (3.23) [3.58] 1.52 (1.42) [6.04] 117 (108) [191]
XOM 0.02 (0.02) [0.03] | 2.13 (2.15) [2.36] | -0.42 (-0.18) [1.44] 38.3 (40.2) [97.1]

TABLE II: Mean and central moments for the sampling data, the RTBM model (round brackets) and the underlying true
distribution (square brackets). Note that the moments of the Cauchy distribution are either undeﬁned or infinite. The given
values correspond to the RTBM model approximation and its sampling, which are defined and finite. . For the GOOG
and XOM distributions the true moments (square brackets) are evaluated from the underlying empirical di: rlblmon.
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Sampling examples with affine transformation

RTBM P(v) sampling with affine transformation: [S.C. and Krefl ‘18]

For a rotation of § = /4 and scaling of 2 (N, = 2, N, = 2).
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Conditional probability




Conditional probability estimation

[Papaluca, S.C., Krefl ‘19 in preparation]

Considering a probability function P(v) modelled by a RTBM, given
some observed data d and some future outcome y, i.e. v = (y,d):

Pyld) = 20D _ Vo v~y g B2 05, — v'W|Q)
P(d) 2 (B! —rtw|Q — Wols )

to

Examples in 2D:
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Feature dectection




Riemann-Theta Boltzmann machine

Feature detector: [Krefl, S.C., Haghighat, Kahlen ‘17]
Similar to [Krizhevsky ‘09]

New:
Conditional expectations of hidden

states after training ;

& Segmentation | E 2 g

1 V;0(u'W + B! s o
E(huly) = =W BilQ) oo B
2w §(v'W + B|Q) N N NP : :

The detector is trained in probability ) ,
mode and generates a feature vector. Input image E : .

P(v) E(h|v)
feature vector
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Feature detector example - jet classification

Jet classification: [Krefl, S.C., Haghighat, Kahlen ‘17]
Data from [Baldi et al. ‘16, 1603.09349]

Descriminating jets from single

.
hadronic particles and overlapping Jm’ Ei;
jets from pairs of collimated AT 3
hadronic particles. NS _SB :f
Data (images of 32x32 pixels) t =

L

e 5000 images for training Input image

e 2500 images for testing P) ' E(hlv)

feature vector

Classifier ‘ Test dataset precision
Logistic regression (LR) 77%
RTBM feature detector + LR 83%

57



Data regression




Riemann-Theta Boltzmann machine

Theta Neural Network: [Krefl, S.C., Haghighat, Kahlen ‘17]

Idea:
Use as activation function in a P R —

standard NN. The particular form of Ll Llea

non-linearity is learned from data.

Key point: v
smaller networks needed but |

Riemann-Theta evalution is expensive.
Example (1:3-3-2:1):

y(t) = 0.02¢t 4+ 0.5sin(t + 0.1) + 0.75 cos(0.25¢ — 0.3) + N(0,1)

, ‘ :
: W i : o } M“f
| , | \ W il
ar »MA W S i MU‘ M W
: V‘WW O mw“f\,f W
y(t) TNN fit TNN activations
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ML and Parton Density functions




Parton density functions

The parton model was introduced by Feynman in 1969 in order to
characterize hadrons (e.g. protons and neutrons) in QCD processes and
interactions in high energy particle collisions.

Atom Nucleus Nucleons Quarks

101°m 10'¥%m 10-5m 10%m
Y
Y
Atomic Nuclear Hadronic Particle
physics physics physics physics

Partons are quarks and gluons characterized by a probability density

functions of its nucleon momentum. 5



Perturbative calculations

The Feynman Parton Model

lepton

quark

e Photon probes the proton by striking a free massless " parton” (quark,
gluon) that carries a fraction x of its parent proton.

e Value of x is fixed by final-state kinematics.

e Cross-section proportional to probability ¢;(x) of finding parton of species

i with momentum-fraction x in target proton.
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Perturbative QCD

,J-

Sl Wilezek

Politzer

Collins

Sterman

Altarelli Parisi

e The Parton Model is the first order of a perturbative expansion
e PDFs are not calculable: reflect non-perturbative physics of confinement.

e PDFs are essential for a realistic computation of any particle physics
observable, o, thanks to the factorization theorem

c=0® f,

where the elementary hard cross-section & is convoluted with f the PDF.

e Can be proven rigorously using the OPE (Wilson expansion).
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Perturbative QCD

Factorization theorem is applied to several processes:

Drell-Yan (e.g. LHC)

lepton

quark

PDFs are extracted by comparing theoretical predictions to real data.
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Parton density functions

e PDFs are necessary to determine theoretical predictions for
signal /background of experimental measurements.

e c.g. the Higgs discovery at the LHC:

E ATLAS 2011-2012 M 3
(- 7Tev: [l-sgann 420 E|

CMS (s=7TeV,L=51fb"{s=8TeV,L=531b"
i

§
] L 8 Unweighted 8 '

S
L0 L 121500 @
-~ Yy
\‘1500_ P
[77) c
2 t 5]
c 711000)
o] - w
> L
W1ooo- 120 130
Rl L - =
.9 [ m,, (GeV) — Observed -
= [ R i
=)
) [ ¢ pata H b
E 500__—S+BFi( 2z :
—~ [ B Fit Component 5 A
o r 2
¥ [ +1e )i B oo
%) [ B8 +20 1 ='W
= ol— PR IR I RS II S B o
2 110 120 130 140 150 ) — Opsenea

(© -2 A<t
my, (GeV) e
my[GeV]
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PDF uncertainties

PDF determination requires a sensible estimate of the uncertainty, and not
only the central value, so not a well researched topic in ML.

CERN Yellow Report 4 (2016)

Higgs Production Channel % theo. uncertainty o@!13TeV
egF (v3ro) [N 485 pb
ver (N2.0) [ M PDF+as| 378
wH N2eo) [l 1.37 pb

B Scale
zivzo) [ 0.88 pb
e vico) [ 051 pb

0 S 10 15 20

PDF uncertainties are a limiting factor in the accuracy of theoretical
predictions for several processes at LHC.

= Need of precise PDF determination and uncertainty estimate.

64



Parton density functions

Historical examples of the first PDF models:

3 T T T T T L
U \ Lo 2 2 b
" Gloun Distribution at Q" = 10 GeV EHLQS4 -
e \
m DO(200) % .94 2199 DuOws4 |
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FIG. 27. “Soft-gluon" (A =200 MeV) parton distributions of o -

ot
W
S
in
o
.
S

Duke and Owens (1950 at 0%~ 5 GeV?. valence quack distrr 0ot 10? 005 0.1
bution x[u,(x)+d,(x)] (dotted-dashed line), xG(x) (dashed

. in
X (Scale is linear in x ")
line), and g,(x) (dotted line).

where

PDFs are very simple functional forms (polynomials).
PDFs are constrained by few data points and low order theory.

e No uncertainties are provided.

e No cross-validation methods are implemented.
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Parton density functions

Possible improvement: use ML in PDF determination.
NNPDF (Neural Network PDFs) created 10 years ago.

LHC typical scale FCC typical scale

NNPDF3.0 (NNLO)
E 0.9f
xf(xu2=10" GeV?)

g/10

0.9

] xf(x,u2=10° GeV2)7
0.8 .

0.7

0.6

0.1 E 0.1 E
0 | R 0 vl = h
10° 102 107" 1 10° 102 107 1

X X
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Why ML in PDFs determination?

e PDFs are essential for a realistic computation of hadronic particle
physics observable, o, thanks to the factorization theorem, e.g. in pp

collider:
1
UX(S,JW;Q() = Z dzidxs &avb(ml,xg,s,M;Q() fa(ZEhM)Q()fb(I%M)Q()a
— a,b Y Tmin —_—
Yy X

where the elementary hard cross-section & is convoluted with f the PDF.

o fi(x1, M%) is the PDF of parton i carrying a fraction of momentum z at
scale M = needs to be learned from data.
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Why ML in PDFs determination?

e PDFs are essential for a realistic computation of hadronic particle
physics observable, o, thanks to the factorization theorem, e.g. in pp

collider:
1
UX(S,JW;Q() = Z dzidxs &avb(ml,xg,s,M;Q() fa(ZEhM)Q()fb(I%M)Q()a
— a,b Y Tmin —_—
Yy X

where the elementary hard cross-section & is convoluted with f the PDF.

fi(x1, M%) is the PDF of parton i carrying a fraction of momentum z at
scale M = needs to be learned from data.

Constraints come in the form of convolutions:

X®f—=Y

e Experimental data points is "5000 — not a big data problem

e Data from several process and experiments over the past decades
= deal with data inconsistencies
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The NNPDF methodology

The NNPDF (Neural Networks PDF) implements the Monte Carlo
approach to the determination of a global PDF fit. We propose to:

1. reduce all sources of theoretical bias:

e no fixed functional form
e possibility to reproduce non-Gaussian behavior

= use Neural Networks instead of polynomials
2. provide a sensible estimate of the uncertainty:

e uncertainties from input experimental data
e minimization inefficiencies and degenerate minima
e theoretical uncertainties

= use MC artificial replicas from data, training with a GA minimizer

3. Test the setup through closure tests
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Experimental data

The total number of data points for
the default PDF determination is

e 4175 at LO, 4295 at NLO and
4285 at NNLO.

e 7 physical processes from 14
experiments over “30 years (deal
with data inconsistencies)

e few data points at high and low
x (deal with extrapolation)

e range of 5 and 7 orders of
magnitude per PDF evaluation
arguments (x, Q?)

Q*(GeV?)

10°

10°

Kinematic coverage

Fixed target DIS
Collider DI
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DGLAP evolution

Can we reduce the PDF input size? Yes, thanks to DGLAP:
fi(l'ou Q2) = F(Qv QO)ijaﬁfj (xﬁv Q(2))

We remove the Q2 dependence from PDF determination thanks to the
DGLAP evolution operator I'.

f(@,Q%) = f(=,Q5) = f(z)

e Precompute the DGLAP operator for all data points
e Apply the operator to the partonic cross section

e Store the results and perform fast convolutions

In NNPDF theoretical predictions are stored in APFELgrid tables:

nf ng

o= Y Wijapfi(a, Q3)fi(zs, QF)

j B
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Defining the ML problem

In comparison to a typical ML problem, a PDF fit

e requires a statistically sound uncertainty estimate
e is a regression problem but complex dependence on PDFs
e must satisfy physical constrains:

e f(x) — 0 for x — 1 (continuity)

e sum rules:
" f 1 1
Z/O drxfi(z) =1, /) dz (u(z) — a(x)) = 2

| @@ —d@)=1. [ dola@) —a@) =0.0=s.bt
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PDF parametrizations

e Early models:
filw) = A 21— 2)?

e parameters are chosen based on Hessian minimization approach

e Can a simple model provide a reliable uncertainty estimate?
e Can it deal with data inconsistencies?
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PDF parametrizations

e Early models:
filw) = A 21— 2)?

e parameters are chosen based on Hessian minimization approach

e Can a simple model provide a reliable uncertainty estimate?
e Can it deal with data inconsistencies?

e NNPDF approach:

filz,Qp) = A-z%(1 — x)BNN(a:)

logx . e two sigmoid hidden layers and linear output layer

W/&%\

% e fully connected MLP (2-5-3-1)
/
e x8 independent PDFs = 296 free parameters
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Cost function

e \We minimize the cost function:

X2 = (D; - 0;)o;} (D; - O;)

j

D; is the experimental measurement for point 4
O; the theoretical prediction for point i (=& ® f)
oij is the covariance matrix between points ¢ and j with corrections

for normalization uncertainties
e supplemented by additional penalty terms for positivity observables
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Propagating experimental uncertainties

Generate artificial Monte Carlo data replicas from experimental data.

We perform Ny, O(1000) fits, sampling pseudodata replicas:

D" = D 4 chol(£); ;N (0,1), 4,5 =1..Ngat, 7 = L...Neep

We obtain N,., PDF replicas. No assumptions at all about the
Gaussianity of the errors.
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PDF fit example

The procedure delivers a Monte Carlo representation of results:

TPOF £ ANLO eplces

""" NNPDF 2.3 NNLO mean value
ANPDF 2 NNLO fo ororband

NNPDF 2 WNLO 68% L b

S AT RETE Y AT EYRYR SURTE Prwwn ruvHn VY

10° 10 10° 102 10"

The central value of observables based on PDFs are obtained with:

Nrep

(©O1f) = 51— 3 Olf

rep k=1
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Ratio of W* to W~ boson

W and Z production cross-sections at LHC 13 TeV

Ratio of W* to Z boson

T —— T T T T T —r— T
@ NNPDF3.1 ol MMHT14 f®f NNPDF3.1 ol MMHT14
ATLAS 13 Tev @ NNPDF3.0 ®  ABMP16 ATLAS 13 Tev @ NNPDF3.0 @& ABMP16
fal cTia —— data  total uncertainty fa cTia —— data  total uncertainty
Heavy: NNLO QCD + NLO E Heavy: NNLO QCD + NLO EW | ©
Light: NNLO QCD Light: NNLO QCD
o -l
o a A
J— o
e
< @
I I I I I I I I I I I
126 127 128 120 130 131 132 133 9.8 100 10.2 104 106 108
ow- [ow ow/oz
& NNPOF31 & MMHTI4
ATLAS 13 TeV 8 NNPOF30 & ABMPI6
110 f E crie — data + total uncertainty 3
E Heavy: NNLO QCD + NLO EW. E|
Light: NNLO QCD
- °° o
A
‘/.\ +° o o l f o & o
A a ] £ R
a ‘ A
E o [ E
1 o’ ‘
090 F w- w+ z E

NNPDF3.1 have smaller PDF uncertainties than NNPDF3.0.
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Higgs production

ross-sections

Higgs production:

associate production with tf

Higgs production: gluon fusion
T y T T T
fof NNPDF3.1 fe NNPDF3.1
@ NNPDF3.0 @ NNPDF3.0
af CT14 A CT14
lof MMHT14 —e— fo| MMHT14 ¢
o ABMP16 & ABMP16
= o
| E—— H—a—A
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LHC 13 TeV LHC 13 Tev
my =125 GeV —— my =125 GeV ——|
Il Il Il Il Il 1 1 1 1
0.90 0.92 0.94 0.96 0.98 1.00 1.02 1.04 0.80 0.85 0.90 0.95 1.00 1.05 110
Ratio to NNPDF3.1 Ratio to NNPDF3.1
Higgs production: WH associate production Higgs production: ZH associate production
T T T T T T T T T
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e ——
o o
_—a . —
——a——® (B |
vh@nnlo G40 vh@nnlo o
LHC 13 TeV LHC 13 TeV
my =125 GeV my =125 GeV
{0 NNPDF3.1  |of MMHT14 {0 NNPDF3.1  |of MMHT14
@ NNPDF3.0 [ ABMPI6 @ NNPDF3.0 [0 ABMP16
fal CT14 laf cT14
L L L 1 1 1 I ! !
0.90 0.92 0.94 0.96 0.98 1.00 1.02 1.04 0.90 0.92 0.94 0.96 0.98 1.00 1.02 1.04 7
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ML in jet physics




Jet grooming with reinforcement learning

Boosted objects at LHC energies, EW-scale particles (W/Z/t...) are
often produced with p; > m, leading to collimated decays.

Problem: hadronic decay products are often reconstructed into single
jets. ldentification of boosted objects by looking at the mass of the jet.

pt S m pt > m

1 jet

quark
(or gluon)

Mass peak can be partly reconstructed by removing unassociated soft

wide-angle radiation (grooming). "

[Figure by G. Soyez]



Jet grooming with reinforcement learning

[arXiv:1903.09644 - S.C. and Dreyer ‘19]

ML idea: use reinforcement learning to the problem of jet grooming.

e Cast jet as clustering tree where state of each note 7 is a tuple
with kinematic information on splitting

St = {Zv A(Lb7w7m7 kf}

e Grooming algorithm defined as a function 7, observing a state and
returning an action {0, 1} on the removal of the softer branch, e.g.

0 if 2> zcut(%{:}b)ﬂ

TRSD (St) = {

1 else

TW)

T(6)

Grooming
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Jet grooming with reinforcement learning

We use a Deep Q-Network as a RL algorithm which uses a table of
Q(s,a), determining the next action as the one that maximizes Q.

Convolution Convolution Fully connected

,,
e
5
8
4:
3
2
=3
3
g

O

oE] @]
o] =]
E-ce o
of] 3]
o]

[m]

[m}

O |
.
. .
Arcjeje vy
TFEEEELEE o2 v =<l ] s]-
BEEEEEEEARRR0RERD

A NN is used to approximate the optimal action-value function:

Q" (s,a) =maxE[r; + yrip1 + ...|s = s,a¢ = a, 7
us
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Jet grooming with reinforcement learning

e To test the grooming algorithm derived from the DQN agent, we
apply our groomer to three test samples: QCD, W and Top jets.

e Improvement in jet mass resolution compared to heuristic methods
(RSD)

e Algorithm performs well on data beyond its training range such as

the top sample.

QCD Top

plain plain plain

RSD RSD RSD
GroomRL-W GroomRL-W GroomRL-W
fil H\”H HH ”“ ’H } H HH‘ m" ““”H ”” H“”H |”H m.‘\‘ hh\ i ! ‘ mll i
50 100 150 200 O 50 100 100 150 200
m [GeV] m[GeV] m [GeV]
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ML in Monte Carlo simulation




MINLO ¢-channel single-top plus jet

[arXiv:1805.09855 - S.C., Frederix, Hamilton, Zanderighi ‘18]

Use neural nets to adjust unknown higher-order resummation terms.

Use NLO-matched single-top + jet (STJ) from the POWHEG-MINLO
formalism:

dop = Ayi2) [doNtd — Ayi2)lasdoto’]
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MINLO ¢-channel single-top plus jet

[arXiv:1805.09855 - S.C., Frederix, Hamilton, Zanderighi ‘18]
Use neural nets to adjust unknown higher-order resummation terms.

Use NLO-matched single-top + jet (STJ) from the POWHEG-MINLO

formalism:

dop = Ayi2) [doNtd — Ayi2)lasdoto’]

Advantage: enhance fixed-order calculation with matched NLL Sudakov

form factor.
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MINLO ¢-channel single-top plus jet

[arXiv:1805.09855 - S.C., Frederix, Hamilton, Zanderighi ‘18]
Use neural nets to adjust unknown higher-order resummation terms.

Use NLO-matched single-top + jet (STJ) from the POWHEG-MINLO

formalism:
dop = Ayi2) [doNtd — Ayi2)lasdoto’]

Advantage: enhance fixed-order calculation with matched NLL Sudakov

form factor.

Issue: this spoils the NLO accuracy of ST (single-top observables).

82



MINLO ¢-channel single-top plus jet

[arXiv:1805.09855 - S.C., Frederix, Hamilton, Zanderighi ‘18]
Use neural nets to adjust unknown higher-order resummation terms.
Use NLO-matched single-top + jet (STJ) from the POWHEG-MINLO
formalism:

dop = Ayi2) [doNtd — Ayi2)lasdoto’]

Advantage: enhance fixed-order calculation with matched NLL Sudakov
form factor.

Issue: this spoils the NLO accuracy of ST (single-top observables).

Solution: fix at NNLL, fit A5 with a Neural Network-based tuning of
degrees of freedom, and test universality at 8 TeV.

Qi da? 2
In0A(y12) = —2/ %@%Ag(@) ln%

Y12
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annel single-top plus jet

Top quark transverse momentum
T T T T T T
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Thanks for your attention!
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