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LIMITACIONES MODELO ESTANDAR Y FISICA MAS ALLA

» Asimetria entre la cantidad de materia y antimateria en el
universo

» Expansién acelerada del universo
» Gravedad?
» Materia oscura -> SUSY - Teoria de Supersimetria

» Oscilacidon de neutrinos



FISICA DE PARTICULAS

LARGE HADRON COLLIDER & CERN

» Centro Europeo de investigacion Nuclear

» El laboratorio mas grande del mundo

https://home.cern/science/computing/processing-what-record



https://home.cern/science/computing/processing-what-record

FISICA DE PARTICULAS

LHC & GRANDES CANTIDADES DE DAT0S

» Tunel 27 km largo, 50-175 m de
profundidad

» Velocidad protones: 2R
0.999999999 ¢ ~n
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= BRaauspeseasl - - W
LHCb ATLAS ALICE. -

» 600M eventos/s

» 100,000 eventos/s enviados para
reconstruccién digital

» 100 a 200 eventos/s procesados

» 25 GB /s =90 TB/ hora producido

» 10 — 100 Petabytes al ano https://home.cern/science/computing/processing-what-record
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RING IMAGING CHERENKOV (RICH) DETECTOR

» Radiacidon de Cherenkov

» Identificacion de particulas

Material n - refractiveindex

https://cds.cern.ch/record/1495721
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CALORIMETRO HADRONICO

» Mide la energia de Hadrones

Matter: creates an hadronic shower
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Scintillation Counters: counts
number of particlesinthe shower
http://clangenb.web.cern.ch/clangenb/
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» Mide la energia de Hadrones
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https://github.com/pvigier/gradient-descent/blob/master/README.md
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» Conjunto de Validacién = no se
ajustan los pardmetros w

» Validaciéon Cruzada

» requiere entrenar modelo k
veces para k-fold VC

» No muy eficiente para
modelos de Deep Learning

https://torres.ai/datos-y-overfitting-keras-tensorflow/
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APRENDIZAJE DE MAQUINAS

TAREAS DE APRENDIZAJE SUPERVISADO EN HEP

» Identificacidn/clasificacion de particulas

» Identificacién de senales sobre background (nueva fisica)
» Rapido y eficiente rastreo de particulas

» Clasificacion de jets

» Triggering

» Procesamiento de datos
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» Setde datos & = {x},_; ,
» Recuperar estructura subyacente

» - reduccion dimensional, clustering,

» e.g.
» aprender/reconstruir P(X)
» Maximizando & = P(0|x)

» muestrear nuevos ejemplos

GAN (Red Generativa Antagonica)

https://www.thispersondoesnotexist.com
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APRENDIZAJE NO SUPERVISADO

» Setde datos U = {X}izl,,,,n GAN (Red Generativa Antagonica)

» Recuperar estructura su byacente https://www.thispersondoesnotexist.com

» - reduccion dimensional, clustering,

» e.g.

» aprender/reconstruir P(X)
» Maximizando & = P(0|x)

» muestrear nuevos ejemplos




APRENDIZAJE NO SUPERVISADO

REDUCCION DIMENSIONAL

» Proyectar o “encajar” datos en espacio dimensional menor
al original

high-dimensional space =P |ow-dimensional space

v

Perdida de informacidn
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» Vive cerca del borde del espacio de muestra
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hiperesfera § = { | |x|| > e/2}

Vol § (l)p
Vol C 2
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DESAFIOS DE DATOS EN DIMENSIONES ALTAS (CONT.. .)

» Dimensionalidad
Intrinseca: numero
minimo de dimensiones
requeridas para captar
senal de los datos



3= F[x1_, x2 ] ¢= {x1Sin[x1], xICos[x1], x2}
pl = ParametricPlot3D[f[x, y], {x, @, 15}, {y, @, 15},
ColorFunction -» Function[{x, ¥y}, Hue[y]], Mesh - None];
p2 = ParametricPlot[f[x, y]1[2 ;; 31, {x, 6, 15}, {y, 0, 30},
ColorFunction -» Function[{x, y}, Hue[y]1]1]1;

GraphicsRow[{pl, p2}, ImageSize -» Large]
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» Dimensionalidad
Intrinseca: numero
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APRENDIZAJE DE MAQUINAS

TAREAS DE APRENDIZAJE NO SUPERVISADO EN HEP

» Reduccién dimensional y filtraciéon de datos de los eventos
- Procesamiento de informacién

» Uso de modelos generativos para hace simulaciones
eficientes y rapidas

» Uso de modelos de aprendizaje no supervisado, para
mejora de aquellos modelos de aprendizaje supervisado
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Mastering the game of Go with deep
neural networks and tree search

David Silver™, Aja Huang, Chris J. Maddison, Arthur Guez,
Laurent Sifre, George van den Driessche, Julian Schrittwieser,
loannis Antonoglou, Veda Panneershelvam, Marc Lanctot, Sander
Dieleman, Dominik Grewe, John Nham, Nal Kalchbrenner, llya
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Kavukcuoglu, Thore Graepel & Demis Hassabis &
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Abstract

The game of Go has long been viewed as the most challenging of classic
games for artificial intelligence owing to its enormous search space and
the difficulty of evaluating board positions and moves. Here we introduce
anew approach to computer Go that uses ‘value networks’ to evaluate
board positions and ‘policy networks’ to select moves. These deep neural
networks are trained by a novel combination of supervised learning from
human expert games, and reinforcement learning from games of self-
play. Without any lookahead search, the neural networks play Go at the
level of state-of-the-art Monte Carlo tree search programs that simulate
thousands of random games of self-play. We also introduce a new search
algorithm that combines Monte Carlo simulation with value and policy
networks. Using this search algorithm, our program AlphaGo achieved a
99.8% winning rate against other Go programs, and defeated the human
European Go champion by 5 games to O. This is the first time that a
computer program has defeated a human professional player in the full-
sized game of Go, a feat previously thought to be at least a decade away.

Google Al defeats human Go champion

O® 25 May 2017 f © ¥ [ <« Share

" REUTERS

Chinese Go player Ke Jie has lost two games to AlphaGo

Google's DeepMind AlphaGo artificial intelligence has defeated the world's
number one Go player Ke Jie.
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TAREAS DE APRENDIZAJE POR REFUERZO EN FISICA

» Computacion cuantica

» Control y preparacion
de Qubits



Reinforcement Learning in Different Phases of Quantum Control

Marin Bukov,"”" Alexandre G.R. Day,]‘% Dries Sels,"? Phillip Weinberg,I Anatoli Polkovnikov,' and Pankaj Mehta'

lDepartmen.t of Physics, Boston University,
590 Commonwealth Avenue, Boston, Massachusetts 02215, USAe
2
“Theory of quantum and complex systems, Universiteit Antwerpen, B-2610 Antwerpen, Belgium

® (Received 12 January 2018; revised manuscript received 1 August 2018; published 27 September 2018)

The ability to prepare a physical system in a desired quantum state is central to many areas of physics
such as nuclear magnetic resonance, cold atoms, and quantum computing. Yet, preparing states quickly and
with high fidelity remains a formidable challenge. In this work, we implement cutting-edge reinforcement
learning (RL) techniques and show that their performance is comparable to optimal control methods in the
task of finding short, high-fidelity driving protocol from an initial to a target state in nonintegrable many-
body quantum systems of interacting qubits. RL methods learn about the underlying physical system solely
through a single scalar reward (the fidelity of the resulting state) calculated from numerical simulations of
the physical system. We further show that quantum-state manipulation viewed as an optimization problem
exhibits a spin-glass-like phase transition in the space of protocols as a function of the protocol duration.
Our RL-aided approach helps identify variational protocols with nearly optimal fidelity, even in the glassy
phase, where optimal state manipulation is exponentially hard. This study highlights the potential
usefulness of RL for applications in out-of-equilibrium quantum physics.

DOI: 10.1103/PhysRevX.8.031086 Subject Areas: Condensed Matter Physics,
Quantum Physics, Statistical Physics
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Reinforcement Learning Decoders for Fault-Tolerant Quantum Computation

Ryan Sweke,! Markus S. Kesselring,! Evert P. L. van Nieuwenburg,? and Jens Eisert!:?

'Dahlem Center for Complex Quantum Systems, Freie Universitiit Berlin, 14195 Berlin, Germany
2 Institute for Quantum Information and Matter, Caltech, Pasadena, CA 91125, USA
3Department of Mathematics and Computer Science, Freie Universitiit Berlin, 14195 Berlin
(Dated: October 18, 2018)

Topological error correcting codes, and particularly the surface code, currently provide the most feasible
roadmap towards large-scale fault-tolerant quantum computation. As such, obtaining fast and flexible decoding
algorithms for these codes, within the experimentally relevant context of faulty syndrome measurements, is of
critical importance. In this work, we show that the problem of decoding such codes, in the full fault-tolerant
setting, can be naturally reformulated as a process of repeated interactions between a decoding agent and a code
environment, to which the machinery of reinforcement learning can be applied to obtain decoding agents. As a
demonstration, by using deepQ learning, we obtain fast decoding agents for the surface code, for a variety of
noise-models.
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IMPLEMENTACIONES

SIMULACIONES EN HEP

> Generadores de evento por Monte Carlo

> Ariadne, Herwig++, Pythia 8 and Sherpa, Delphes
> Expansion perturbativa de diagramas de Feynmann
> Modelos fenomenologicos de radiacion

> Modelos de interaccion de particulas con materiales de los
detectores
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RANDOM FORESTS
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MODELOS DE APRENDIZAJE SUPERVISADO

RANDOM FORESTS

» Crear arboles de decision con subconjuntos aleatorios
de los datos, y subconjuntos aleatorios de variables

https://www.youtube.com/playlist?list=PLblh5JKOoLUICTaGLRoHQDuF_7q2GfuJF
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» ldentificaciéon de particulas
como un problema de

P . M
clasificacion de multiples clases [

Chambers

» Algoritmos muy usados en las RICH

(Arboles de Decision

Potenciados por Gradiente) en
las décadas de 1990sy 2000s  [NNS

System

HCAL

2N
ultimas décadas los BDT
ECAL & A==
P o ¥

(Carleo et. al. 2019)



IMPLEMENTACIONES

SENAL VS BACKGROUND

» Reconocimiento de una senal no vista anteriormente sobre
un gran volumen de datos ya estudiados (Background)

» Triggering - sistemas de reduccién de datos al analizar
senales de interés sobre un Background

» Etiguetamiento de jets / Jet tagging
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In order to make the
mathematics possible, Support

When the data are 3-Dimensional, Vector Machines use

the Support Vector Classifier forms

a plane, instead of a line... something called Kernel

\ o) Functions to systematically find

Support Vector Classifiers in
higher dimensions. o

@0° °




[ Variable [ Set 1] Set2 | Setd |Setd
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Valor en la realidad

p

Verdaderos Falsos

Positivos Positivos
Prediccion

outcome
Falsos Verdaderos

Negativos Negativos

One particle vs rest

O o O O -
o ~ o © o

Background rejection (1-FPR)

o
wn

0.80 0.85 0.90 0.95
Signal efficiency (TPR)

Typical ROC AUC values in PID are 0.90 - 0.995
depending on particle type.
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IMPLEMENTACIONES

MEDIDA DE RENDIMIENTO PARA FISICA DE PARTICULAS
» Optimizacién de parametros para maximizar significacién
estadistica

» Estimacion de significacion de descubrimiento por
estimada de Asimov

2 (oo 00D

b2 + (s + b)o?

(Sahin et. al. 2016)
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DEEP LEARNING

POR QUE LAS REDES NEURONALES?

» Redes neuronales como
aprendizaje representativo

» Pueden aprovechar grandes
cantidades de datos

» expresividad & “entranabilidad”

» Escalan bien con grandes
cantidades de datos

» GPU'’s, TPU's, Paralelizacion

https://arxiv.org/pdf/1803.08823.pdf
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DEEP LEARNING

GENERATIVE ADVERSARIAL NETWORKS

» Modelo generativo: Reconstruir P(x)

» Generador

https://www.coursera.org/learn/intro-to-deep-learning/lecture/5UOxJ/genera tive-adversar ial-networks
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DEEP LEARNING

GENERATIVE ADVERSARIAL NETWORKS

» Modelo generativo: Reconstruir P(x)
» Generador

» Distriminador

https://www.coursera.org/learn/intro-to-deep-learning/lecture/5UOxJ/genera tive-adversar ial-networks



DEEP LEARNING

GENERATIVE ADVERSARIAL NETWORKS

» Modelo generativo: Reconstruir P(X)

» Generador

L Generator
» Distriminador

Noize

Gen(seed)
/params

o= —log[l — DiSC(Gen(seed))]

Discriminator

Image . :
(fake/real) Disc(x) P(fake|image)

Lp = —log|1 — Disc(realdata)| — IogDisc(Gen(seed))

https://www.coursera.org/learn/intro-to-deep-learning/lecture/5UOxJ/generative-adversarial-networks
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DEEP LEARNING

ADVERSARIAL DEBIASING (Zhang etal. 2018)

» Prediccién: Y = F(X)

» Z: Variable protegida
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After cuts:
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IMPLEMENTATIONS

DECORRELATED JET SUBSTRUCTURE TAGGING USING ADVERSARIAL NEURAL NETWORKS
(Shimmin et al. 2017)

https://indico.cern.ch/event/595059/contributions/2497380/
attachments/1431792/2199760/2017.03.22_IML.pdf



Basic idea: Adversary is trained to
er is trained to identify signal jets predict jet mass
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Training on ~200k
MC events:
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Pythia + Delphes (Both)

v Tagger profile
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DEEP LEARNING

REDES NEURONALES CONVOLUCIONALES (CNN) [1]

» Wes el ancho
» H el alto

» C. esla profundidad = (3=RGB para una imagen)

kernel of size

feature map
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» Kernel filters 'y
Max pooling

» Parametros son
compartidos en la

red




DEEP LEARNING

REDES NEURONALES CONVOLUCIONALES (CNN) [3]

5
Sg
14
/ | 120 84
| 16 fc1  fc2

6 16

PooI2
6 pool1 conv?2 2% 10

convl I%2 5x%5 fc3 + softmax
5x5
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» Aumento de datos

» Reqgularizacién por
abandono



DEEP LEARNING

REDES NEURONALES CONVOLUCIONALES (CNN) [3]

» Aumento de datos

» Regularizacién por
abandono




DEEP LEARNING

REDES NEURONALES CONVOLUCIONALES (CNN) [3]

» Aumento de datos & @ &
| T
» Regularizacidon por NS T
abandono | Data Augmentatio ﬂ 8

e



DEEP LEARNING

REDES NEURONALES CONVOLUCIONALES (CNN) [3]

» Aumento de datos

» Reqgularizacién por
abandono

https://developers.google.com/machine-learning/practica/image-classification/preventing-overfitting



DEEP LEARNING

REDES NEURONALES CONVOLUCIONALES (CNN) [3]

» Aumento de datos

» Reqgularizacién por
abandono
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IMPLEMENTACIONES

CNN EN EL LHC (de Oliveria et. al. 2017)

250 < pT/GeV <260 GeV, 65 < mass/GeV <95 250 < pT/GeV <260 GeV, 65 < mass/GeV <95

Pythia 8, W'— WZ, Vs =13 TeV , Pythia 8, W'— WZ, (s =13 TeV
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IMPLEMENTACIONES

CNN EN EL LHC (de Oliveria et. al. 2017)

250 < pT/GeV <260 GeV, 65 < mass/GeV <95 250 < pT/GeV <260 GeV, 65 < mass/GeV <95
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10° =
102 G
10 2
2
1
10"
10°
10° 10°
104 104

simulaciones en Pythia de W
jets (arriba) y QCD jets (abajo)
antes (izquierda) y después de B - | v

10°® - 10°%

10° =
.
102 O

10 o
o)

» Imagenes de jets a partir de

&
10
10

[Translated] Azimuthal Angle (¢)
[Translated] Azimuthal Angle (¢)

L 9 9
0.5 1 10 o 05 ' 10

pre procesamiento (derecha) e Pty R m pesospan o

250 < pT/GeV <260 GeV, 65 < mass/GeV <95 250 < pT/GeV <260 GeV, 65 < mass/GeV <95

» Supera discriminadores, de W 8 T a0
jets por encima de QCD jets,
basados en variables fisicas I, e o
» e.g. masa del jet - - - -

9 9
0 05 1 10 - 0. 0 ' 10

[Translated] Pseudorapidity (n) [Translated] Pseudorapidity (n)




IMPLEMENTACIONES

CNN EN EL LHC (de Oliveria et. al. 2017)

» Imagenes de jets a partir de
simulaciones en Pythia de W
jets (arriba) y QCD jets (abajo)
antes (izquierda) y después de
pre procesamiento (derecha)

» Supera discriminadores, de W
jets por encima de QCD jets,
basados en variables fisicas

» e.g. masa del jet
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Max-Pooling
W'— WZ event
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FISICA DE PARTICULAS

OSCILACION DE NEUTRINOS

» Premio Nobel de Fisica 2015
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MICROBOONE

» Fermilab

» 170 toneladas de Ar liquido
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CNN EN MICROBOONE (FERMILAB)
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Object classification
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IMPLEMENTACIONES

(MicroBooNE Colaboration. 2017)

CNN EN MICROBOONE (FERMILAB)

v produce uy x

]inst PuBLISHED BY IOP PUBLISHING FOR SissA MEDIALAB

REecEIVED: December 20, 2016
Revisep: February 11, 2017
AccepteD: February 28, 2017
PusLisuep: March 14, 2017

Object classification
+ localization:

Convolutional neural networks applied to neutrino events

in a liquid argon time projection chamber

The MicroBooNE collaboration
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CNN EN MICROBOONE (FERMILAB)

]Inst PuBLISHED BY IOP PUBLISHING FOR SissA MEDIALAB

Object classification
+ localization:

REecEIVED: December 20, 2016
Revisep: February 11, 2017
AccepteD: February 28, 2017
PusLisuep: March 14, 2017

Convolutional neural networks applied to neutrino events
in a liquid argon time projection chamber

The MicroBooNE collaboration

ABsTrRACT: We present several studies of convolutional neural networks applied to data coming
from the MicroBooNE detector, a liquid argon time projection chamber (LArTPC). The algorithms
studied include the classification of single particle images, the localization of single particle and
neutrino interactions in an image, and the detection of a simulated neutrino event overlaid with

cosmic ray backgrounds taken from real detector data. These studies demonstrate the potential of
convolutional neural networks for particle identification or event detection on simulated neutrino
interactions. We also address technical issues that arise when applying this technique to data from
a large LArTPC at or near ground level.

Keyworps: Analysis and statistical methods; Particle identification methods; Image filtering; Time

projection chambers

ARrXi1v EPrRINT: 1611.05531



IMPLEMENTACIONES

(MicroBooNE Colaboration. 2017)

CNN EN MICROBOONE (FERMILAB)
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Object classification
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OUTRO

» “Aproximadamente 70% de los datos seleccionados por el trigger
del Gran Colisionador de Hadrones son seleccionados por
algoritmos de machine learning” - Kyle Cranmer (Carleo et. al. 2019)

» Ojo: cosas por mejorar
» Explicabilidad de modelos de deep learning
» Modelos robustos ante incertidumbres y sesgos (Simulaciones)
» para subsiguiente implementacién en experimentos

» Integracién de simetrias fisicas a los modelos



OUTRO

APLICACIONES A CIENCIAS FISICAS

ML and the Physical Sciences(Carleo et. al. 2019)



OUTRO

APLICACIONES A CIENCIAS FISICAS

» Quimica y materiales

ML and the Physical Sciences(Carleo et. al. 2019)



OUTRO

APLICACIONES A CIENCIAS FISICAS

» Quimica y materiales

» Exploracién de superficies de energia libre (FES) de plegamiento de
proteinas

ML and the Physical Sciences(Carleo et. al. 2019)



OUTRO

APLICACIONES A CIENCIAS FISICAS

» Quimica y materiales

» Exploracién de superficies de energia libre (FES) de plegamiento de
proteinas

» Fisica cuantica de muchos cuerpos

ML and the Physical Sciences(Carleo et. al. 2019)



OUTRO

APLICACIONES A CIENCIAS FISICAS

» Quimica y materiales

» Exploracién de superficies de energia libre (FES) de plegamiento de
proteinas

» Fisica cuantica de muchos cuerpos

» Neural-Network Quantum States (NQS) -> representar ¥(r)

ML and the Physical Sciences(Carleo et. al. 2019)



OUTRO

APLICACIONES A CIENCIAS FISICAS

» Quimica y materiales

» Exploracién de superficies de energia libre (FES) de plegamiento de
proteinas

» Fisica cuantica de muchos cuerpos

» Neural-Network Quantum States (NQS) -> representar ¥(r)

» Fisica Estadistica aplicada a MLy vice versa

ML and the Physical Sciences(Carleo et. al. 2019)



OUTRO

APLICACIONES A CIENCIAS FISICAS

» Quimica y materiales

» Exploracién de superficies de energia libre (FES) de plegamiento de
proteinas

» Fisica cuantica de muchos cuerpos
» Neural-Network Quantum States (NQS) -> representar ¥(r)
» Fisica Estadistica aplicada a MLy vice versa

» Maquinas restringidas de Boltzmann/deteccién de transiciones de fase

ML and the Physical Sciences(Carleo et. al. 2019)



OUTRO

APLICACIONES A CIENCIAS FISICAS

» Quimica y materiales

» Exploracién de superficies de energia libre (FES) de plegamiento de
proteinas

» Fisica cuantica de muchos cuerpos
» Neural-Network Quantum States (NQS) -> representar ¥(r)
» Fisica Estadistica aplicada a MLy vice versa
» Maquinas restringidas de Boltzmann/deteccién de transiciones de fase

» Computacion cuantica

ML and the Physical Sciences(Carleo et. al. 2019)



OUTRO

APLICACIONES A CIENCIAS FISICAS

» Quimica y materiales

» Exploraciéon de superficies de energia libre (FES) de plegamiento de
proteinas

» Fisica cuantica de muchos cuerpos

» Neural-Network Quantum States (NQS) -> representar ¥(r)
» Fisica Estadistica aplicada a MLy vice versa

» Maquinas restringidas de Boltzmann/deteccién de transiciones de fase
» Computacién cuantica

» Aprendizaje de distribuciones sobre medidas cuanticas (Quantum State
Tomography)
ML and the Physical Sciences(Carleo et. al. 2019)
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APRENDIZAJE NO SUPERVISADO

AUTOENCODERS

» Red Neuronal Pre-alimentada
(Feed-forward)

» Cuello de Botella Informatico
» Encoder:
X -> Dense(d unidades) -> code
» Decoder:
code -> Dense(m unidades) -> X

> Minimizar MSE entre input y output
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1 X_test_noise = apply_gaussian_noise(X_test)

2 denoising_mse = autoencoder.evaluate(X_test_noise, X_test, verbose=0)
3 print("Denoising MSE:", denoising_mse)

4 for i in range(3):

5 img = X_test_noise[i]

6 visualize(img,encoder,decoder)

Original Reconstructed
. 0

reset_tf_session()

# we use bigger code size here for better quality
encoder, decoder = build_deep_autoencoder(IMG_SHAPE, code_size=512)
assert encoder.output_shape[l:]==(512,), "encoder must output a code of required size"

inp = L.Input(IMG_SHAPE)

code = encoder(inp)

reconstruction = decoder(code) original Reconstructed
0 0

autoencoder = keras.models.Model(inp, reconstruction)
autoencoder.compile('adamax', 'mse')

X_train_noise =
X_test_noise = apply_gaussian_noise(X_test)

for i in range(25):
print("Epoch %i/25, Generating corrupted samples,.. *%(i+l))
= apply_gaussian_noise(X_train)

# we continue to train our model with new noise-augmented data

autoencoder.fit(x=X_train_noise, y=X_train, epochs=1,
validation_data=[X_test_noise, X_test],
callbacks=[keras_utils.TqdmProgressCallback()], . » Reconstructed
verbose=0) £

Original Reconstructed
= 0w




Autoencoder

Reconstruct :i . Low error

” High error

Our examples of anomalies :

Top Quark Decay , Top jets

b

: .  Gluino jets




MACHINE LEARNING & FISICA DE PARTICULAS

AUTOENCODERS EN DETECCION DE ANOMALIAS

Searching for New Physics with Deep AutoEncoders, Yuichiro Nakai et. al. (2018)



Calorimeter

Focus on jet images (2D of eta and phi) as inputs to

autoencoder.
ﬂ&i iy

proton-proton
collision into/
out-of page
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Figure credit:

B. Nachman
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IMPLEMENTACIONES

ENTRENAR REDES NEURONALES CON SIGNIFICACION DE DESCUBRIMIENTO

» “Maximizaciéon de la
correcta clasificacion de
senales, a la vez
minimizando la incorrecta
clasificacion de eventos de
background” - (Elwood &
Kriicker 2019)

» busqueda de SUSY, datos
simulados de produccion
de stops
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