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UF Keywords
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» Machine Learning
* Physics Analysis
 Data Preservation
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UF Statistics -

* 47 presentations
* 14 posters

70% of contributions related to
machine learning
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UF Presentation Topics .;..E.ﬂm.
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» Machine Learning

—Physics Analysis, Trigger, Monitoring,
Reconstruction, Event and Particle
Classification, Simulation, Computing/Data
Management, Tools

 Non-ML

— Analysis Tools and Formats, Data and
Analysis Preservation, Fitting, GPUs

07/12/18 Sergei Gleyzer CHEP 2018



IIIIIIIIII

BESIT X
(cta
uB@

MoEDAL

UF Experiments e

CMS

Compact Muon Solenod.

ALICE

+ Theory/Phenomenology
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UF Trends 2

* All varieties of deep learning gaining traction
— Convolutional, Recurrent, LSTM, GANs

— Tree-based methods (XGBoost) still maintain
some competitiveness

* Growing python ecosystem

* Machine learning models increasingly used
together with low-level information
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End-to-End Learning

Can we fully exploit the detectors:
« Raw data, low-level variables

Sparsified  Reco Select Ana
le3 100 50 1

Image credit: K. Cranmer
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End-to-End Learning

“Particle and event ID” M. Andrews
 Convolutional Neural Network
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Events
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Photon-Induced EM Shower Electron-Induced EM Shower
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Particle ID

V. Chekalina
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Flavor Tagging

Particle-based NN architecture M. Verzetti
2\ /- )
Charged (16 features) x25 +{ 1x1 conv. 64/32/32/8 11 RNN 150
Neutral (8 features) x25 1x1 conv. 32/16/4{ RNN 50 Dense bbb
200 nodes x1,
_[ 1x1 conv. 64/32/32/8 dy) RNN 50 iy 100 nodes x6 7

4 )

4 )

Convolutional layers progressively _

learn a more compact feature The recurrent layers (LSTM) builds

representation (automatic feature a "summary” of the information

engineering) contained in each set of feature
types
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Flavor Tagging
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Flavor Tagging

Qutput Calibration
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Jet Images

Can recent advances in DNNs benefit jet physics?

Kasileczka, Plehn, MR, Schell ‘17

tops QCD

» View calorimeter plane as I | ‘:
2-d "lmage vyuth energy J = ®
deposits as pixels 15 ol
. im vy Ew
» After some pre-processing, g LB ey
train a convolutional neural » 3
network (no details here) on % o
sample of top jets and QCD 51515 20 25 % 35 40 OS50 15 20 % 30 35 40
o prels o pixek
background - |
» Last layer of network converts weights for each image into probability of it
being either top or QCD M. Russell
Feature Feature Feature Feature Hidden Hidden Hidden
N a0oxa0 B 9x39 o 58x38 Cosex18 e yx17 ae Be e g°
I -
-~
DEEPTOP™
Convolution Convolution Convolution Convolution Flatten Fully Fully Fully
Ax4 kernel Ax4 kermmel Ax4 kernel Ax4 kernel connected connected connected
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LoLa

Butter, Kasieczka, Plehn, MR '17
. . 10°h -+=+ MotherOfTaggers
Beyond images: LolLa - ooewron
° eapTop: LolLa
Why not use the jet constituent 4-vectors directly? f07)
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w'® 42 . i
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M. Russell " LoLa = Lorentz Layer 105554 06 08 10

True Positive Rate
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Fast Simulation

Event Simulation

Simulation is one of the most resource-intensive
computing applications.

Main R&D areas:

» Adapting the existing code to new computing
architectures

» Replacing complex algorithms with deep-
learning approaches (FAST SIMULATION)

e & Bl

.........

| S. Vallecorsa: A machine learning tool for fast simulation

Maria Girone, CERN openlab CTO

F*. cer
= openlab

%Girone -

07/12/18 Sergei Gleyzer

Looking at generative adversarial
networks to improve speed, without giving
up accuracy of simulated events

One network attempts to simulate
events that match a data distribution
(Generator G)

While a second network tries to
distinguish data and simulation
(Discriminator D)

D: Detective

........

G: Generator (Forger) I: Input for Generat:

R: Real Data

CHEP 2018 16



Real

Fake
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see realistic shifts in the distributions

Sergei Gleyzer
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Online DQM

CMS Run: 272011, W: 1.0, St 1.0, Sec 6.0
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Offline DQM

E T T T T T L1 T TT T T |
AutoEncoder .
10 .
05 _
0.0 | \ h - -1
& &e &
5‘ éﬁ.f & &%é‘;
Good LS
T B
3 & g a%éf éé? <

A. Pol Bad LS

07/12/18 Sergei Gleyzer CHEP 2018



Tracking

s Accuracy vs ¥ of tracks .
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Two-step tracking

Our last solution - two step tracking procedure:

Gated recurrent unit (GRU) is a

simplified version of LSTM networks

1.Preprocessing by directed K-d tree search to find all
possible track-candidates as clusters joining all hits from
adjacent GEM stations lying on a smooth curve.

2.Deep recurrent network trained on the big simulated
dataset with 82 677 real tracks and 695 887 ghosts

classifies track-candidates in two groups: true tracks

and ghosts.

1) Directed K-d Tree Search

Bunch of

I track-candidates

G. Ososkov

GRU with 3 layers is able to write or forget

information by gates with a trainable degree
of selectivity to operate on problems going
through time

Convolutional

Bidirectional GRU GRU

o ™ |
| I
GRU ==+ GRU == | == GRU —

]

0% Dropout
30% Dropout

|

GRU =+ GRU =

|
|
|
|
|
|
|
|
|
-OGRU-—Ol
|
|

2) Deep Recurrent Neural Network Classifier

Classification
TRACK

i o or
GHOST



Track Building With GNN

[ l ] Segment classifier architecture [ [ ]

With each iteration, the model propagates information
through the graph, strengthens important connect-| - 1|
and weakens useless ones. ==/

it et
K-
i

- Unseeded hit-pair classification .
- Model predicts the probability that a h|t-pa|r IS valld

. “ar . o B san . '
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Vivado ™ HLS

/ ML on FPGA his 4 ml
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TMVA

Status deep learning library

Dense Conv RNN LSTM GAN VAE

* Deep learning library since 2016
CPU
* Recent additions

GPU

e Convolutional and recurrent layers

* Development ongoing!

- New! Upcoming
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Number of Events Trained / second

TMVA

Batch size 100
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Scikit-HEP

The Scikit-HEP project

The idea, in just one sentence

The Scikit-HEP project (http://scikit-hep.org/) is a community-driven and community-oriented
project with the aim of providing Particle Physics at large with a Python package containing core

and common tools.

What it is NOT ...
O Areplacement for ROOT

QO A replacement for the Python ecosystem based on NumPy, scikit-learn & co.

... and whatIT IS

O An initiative to improve the interoperability between HEP tools and the Python ecosystem
- Expand the typical toolkitset for HEP physicists
- Set common APIs and definitions to ease “cross-talk”

U An initiative to build a community of developers and users

O An effort to improve discoverability of relevant tools

E. Rodrigues
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Scikit-HEP

Scikit-HEP project — toolset / packages overview

Scikit
HEP

in pure Python and Numpy

J. Pivarski

Starting point of project.

Minimalist ROOT I/0 Contains tools for maths,

kinematics, units, etc.

Interface between
PYTHIA and NumPy |

Interface between
Fastlet and NumPy |

E. Rodrigues

07/12/18

Versatile, high-performance |
histogram toolkit for Numpy |

Easy conversions
between different
Minimal viewer of Vega / Vega-Lite styles of expressions
plots in your web browser from
local or remote Python processes i

And other packages, which tend to be
now superseded, hence deprecated ...

Sergei Gleyzer CHEP 2018 27



RDataFrame

@data

(O transformation

ROOT::RDataFrame df(dataset); O result
auto df2 = df.Filter("x > 0")

Define("r2", "x*x + y*y");
auto rHist = df2.Histo1D("r2");

df2.Snapshot("newtree”, "newfile.root");

E. Guiraud
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Analysis Preservation
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Reproducible research data analysis platform

T. Simko

Flexible Scalable Reusable Free
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Other Topics

* How to train DNNs distributively and efficiently
* Non-standard images and kernels

* Domain adaptation and systematics

» Bayesian optimization

* Auto-categorization

 Updates of CMS BigData project

* Pandas in HEP

* NanoAOD

* Parallel Fitting

 MEMs on GPUs

07/12/18 Sergei Gleyzer CHEP 2018
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HEPML-CWP

Machine Learning in High Energy Physics Community White Paper

July 10, 2018

Abstract: Machine learning & an bmportant applied research area in particle physics, beginning with ap-
plications to high-level physics analysis in the 1900s and 20008, followed by an explosion of applications in
particle and event identification and reconstruction in the 200105, In this document we discuss promising future
research and development areas in machine learning in particle physics with o roadmap for their implement a-
tion, saftware and hardware resouree requirements, colloborative initiatives with the data sclence community,
acidemin and industry, and teadning the particle physics community in data science, The main objective of the
document s to connect and motivate these areas of research and development with the physics drivers of the
High-Luminesity Large Hadron Collider and future neatrino experiments and identify the resource needs for
their implementation, Additionally we klentify areas where collaboration with external communities will be of
great benefit,
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https://arxiv.org/abs/1807.02876

UF Summary b
* New CHEP track with many exciting
results put forward by experiments

» Machine learning applications
expanding everywhere, HEP not an
exception

 Great progress and an opportunity to
re-examine things for Run-2

* Thanks to all for making Track 6 a
success
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