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Data analysis in HEP

Theory of everything Nature
v v
Experiment
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Detector-level observables  Detector-level observables
v v

Pattern recognition «—— Pattern recognition



Data analysis in HEP + Machine Learning
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e Regression, Generative Models / likelihood-free

approaches, Anomaly Detection



Machine learning and optimality

Let's consider an important special case:
binary classification in 1D
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Machine learning and optimality

Let's consider an important special case:
binary classification in 1D
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Machine learning and optimality

Let's consider an important special case:
binary classification in 1D
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Machine learning and optimality

Let's consider an important special case:
binary classification in 1D
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Machine learning and optimality

Let's consider an important special case:
binary classification in 1D
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Machine learning and optimality

0.008—

|s the simple threshold
cut optimal®
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See Neyman-Pearson lemma

Fact 1: The classifier that results in the lowest FPR
for a given TPR is a cut on the likelihood ratio (LR).

LR(x) > ¢, LR(x) = p(x|signal) / p(x|background)



Machine learning and optimality

0.008—
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See Neyman-Pearson lemma

Fact 1: The classifier that results in the lowest FPR
for a given TPR is a cut on the likelihood ratio (LR).

Fact 2: Two classifiers that are related by a monotonic
transformation result in the same performance.



Machine learning and optimality
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In this simple case, the log
LR Is proportional to x:
no need for non-linearities!
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Machine learning and optimality
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What if the distribution of x iIs complicated”

Probability Density
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Machine learning and optimality
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Probability Density

Machine learning and optimality
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Tools for Classification

Why don't we always just
compute the optimal classifier?

In the last slides, we had to estimate the
Ikelihood ratio - this required binning the PDF

binning works in 1D, but intractable as feature
dimension >> 1 (“curse of dimensionality”)

machine learning for classification is simply
the art of estimating the likelihood ratio
with limited training examples



HEP Tools for (Classical) Classification

N

® "Histograming”

e Nearest Neighbors

e Support Vector Machines (SVM)
¢ (Boosted) Decision Trees

e (Deep) Neural Networks

Software: TMVA, scikit-learn, XGBoost, tensorflow, pytorch...

Data formats: .root, .npy, .ndf5



Histogramming

Eur. Phys. J. C76 (2016) 238
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Nearest Neighbors

In 2D, a nice extension of histogramming is to estimate the

Ikelihood ratio based on the number of S and B points nearby.
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Boosted Decision Trees (BDTs)

A decision tree is a partition of the feature space.
One tree is a set of binary “cuts”.

Boosting makes an ensemble classifier. For
example, a community favorite AdaBoost, applies
weights to the misclassitied events.

XGBoost Is becoming more the de facto standard.
Actually, this method was popularized because of
the Higgs Kaggle Challenge!



http://proceedings.mlr.press/v42/chen14.pdf
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Boosted Decision Trees (BDTs)

We love BDTs because they are fast to train, are close
to “cuts”, and do not have very many parameters.

hey are also rather robust to overtraining.
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Boosted Decision Trees (BDTs)

There is really not a good reason to use a
(D)NN with << O(100) dimensions.
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Neural Networks

Neural Networks were popular at LEP and then mostly
fell out of favor until the deep learning revolution.

Finding Gluon Jets with a Neural Trigger

Leif Lonnblad?, Carsten Peterson? and Thorsteinn Rognvaldsson®

Department of Theoretical Physics, University of Lund
Solvegatan 14A, 5-22362 Lund, Sweden

Phys. Rev. Lett. 65 (1990) 1321



Neural Networks

Neural Networks were popular at LEP and then mostly
fell out of favor until the deep learning revolution.

The NN’s of the 90s are rather different than those of

today! Wit
architectures (d
are qualitat

n advanced in hardware (GPUs),

ropout, RelLLU), etc. the DNNs of today
ively ditferent and more powertul.



What is a Neural Network learning?

Consider the popular binary cross entropy:

088(f(x)) = — X, log flx) — 2 plog(l — f(x))



What is a Neural Network learning?

Consider the popular binary cross entropy:
0sS(f(x)) = — 2. log flx) — 2. _plog(1 — f(x))

It fis optimal, what will it learn”
One can show that asymptotically,

f(x) ~ Pr(S| X = x)

(this is monotonic with the likelihood ratio)



A

What is a Neural Network |

ROC curve (area = 0.80)

§ 0.8 Random

Consider the popular bin %‘0‘6
§‘ 0.4 -
088(f(x) = = 2, logflx) P
T 0.2 /
It fis optimal, whe it %« n b

Pr(label signal | signal)

One can show tha  ysmptotically,

f(x) ~ Pe(S| X = x)

(this is monotonic with the likelihood ratio)
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HEP data as an
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HEP data as an image

Convolutional
Layer

Pooling

Full Event
Information

Padding Layer

ATk
_.-gi“}f"

Higgs Jet Convolutional  Pooling  Dense
Information Layer

Can combine local and global information
from jet images and “event” images.



HEP data as an image

J. Lin, M. Freytsis, I. Moult, BPN, JHEP 10 (2018) 101
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Higgs Jet Convolutional  Pooling  Dense
Information Layer

Can combine local and global information
from jet Images and “event” images.



More HEP imag

250 < pT/GeV <260 GeV, 65 <mass/GeV <95
Pythia 8, W'— WZ, \s =13 TeV
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L. De Oliveira et al., JHEP 07 (2016) 069

Many topologies:
top quarks, W/Z/H
bosons, BSM
particles, g/g, etc.

pre-process

convolutional layer dense layer

~ quark jet
0

:_fsz
gt gluon jet

max-pooling

~ ~

x3

P. Komiske, E. Metodiev, M Schwartz, JHEP 01 (2017) 110

— DeepTop minimal

— Training
Architecture

— Preprocessing
Sample size

— Color

S. Macalusco and D. Shih, JHEP 10 (2018) 121

- Hyperparameter
- choices matter!
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Multi-channel:
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& tracking
information to

make RGB
image.




More HEP images

M. Andrews et al., https://arxiv.org/abs/1902.08276
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A last word about CNNs for now

One can use CNNs as automated “feature
extractors” even if the inputs are not images.

Particles

(7]

(D] i | | |

— LT

2 ]-'l ] _IJ |

= — >

particles, ordered by pr R e Fully

100 particles, 42 features per particle cohnected
O T = (I layer)
= g B R
Q&

SVs, ordered by Sir2p

This is the structure of the CMS
Collaboration Deep AKS jet classifier.

CMS Collaboration, JINST 15 (2020) PO6005
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Deep neural networks for HEP classification @&z
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Seqguence learning

One key challenge with images is that they have a fixed size.

In many contexts, this is ideal, because the data also
have a fixed size. However, this is not always the case.

For example, events / jets have a variable number of particles.

One can represent these particles as a sequence
INn order to apply variable-length approaches that
can access the full feature granularity.



Sequence learning with RNNs

Flavor tagging (classity jets from b-quark or
not) has a long history of ML. Use features of
the charged-particle tracks inside jets.

In the past, challenging to
incorporate correlations
between tracks.



Sequence learning with RNNs

Flavor tagging (classity jets from b-quark or
not) has a long history of ML. Use features of
the charged-particle tracks inside jets.

In the past, challenging to
Unrolled RNN

incorporate correlations OOO-A—

between tracks.
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Sdo . .

Suo AN | E| %2 % %] | Possible with

> CARE-IRE IR

| kL [EEEE E | RNNs/
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ATL-PHYS-PUB-2017-003
See also D. Guest et al., PRD 94 (2016) 112002



Hybrid methods

Charged (16 features) x25— 1x1 conv. 64/32/32/8 RNN 150

Neutral (8 features) x25 1x1 conv. 32/16/4— RNN 50 Dense
bb
200 nodes x1,

Secondary Vix (17 features) x4 — 1x1 conv. 64/32/32/8,— RNN 50— 100 nodes x6

Global variables (6 features)
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Learning with sets

A challenge with sequence learning Is that thanks to
guantum mechanics, there is often no unique order.

A common scenario is that we have a variable-length SET
of particles and we would like to learn from them directly.

Solution: set learning / point cloud approaches



Solution 1: Deep sets / Particle flow Networks (&l

Factorize the problem into two networks: one that embeds
the set into a fixed-length latent space and one that acts on
a on that latent space:

M
fUxp, .. .,xy ) =F ( Z CI)(xl-))
i=1

Due to the sum, this structure can operate on any
length set and the order of the inputs doesn't matter.

M. Zaheer et al. https://arxiv.org/abs/1703.06114; P. Komiske, E. Metodiev, & J. Thaler, JHEP 01 (2019) 121



https://arxiv.org/abs/1703.06114

Solution 1: Deep sets / Particle flow Networks L

Particles Observable
Per—Particle Representation Event Representation '
5 Latent Space ;
. e o .
o |- s
X P ATV Qé I
—>® e ] — F »-

....................................................

Energy/Particle Flow Network



https://arxiv.org/abs/1703.06114

Solution 1: Deep sets / Particle flow Networks @&Z
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https://arxiv.org/abs/1703.06114

Solution 1: Deep sets / Particle flow Networks @EE,

R better - Energy Flow Network Latent Space (€= 256)
|
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Latent space in IRC safe case is interpretable (and predictable!)


https://arxiv.org/abs/1703.06114

Solution 1: Deep sets / Particle flow Networks W&
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https://arxiv.org/abs/1703.06114

Solution 2: Graph methods

Classic CNNs operate on a fixed grid and are
not invariant under the permutation of points

Can generalize CNNs to act on graphs

) 4 X

D - X . ."' X . e C‘.I_w .
- o FEdgeCon i Ui3 o~
> | \ / ' o \ /

- N v &« C‘.

_'_/,--—'/ N p S _, \’ il

> | . — o _—
X . \' ' \‘ ('I,J ".4__ ) ¢ | D
Iid i lid [N I
O O ® ®»
X

Need to define distances using particle properties

e.g. Y. Wang et al. https://arxiv.org/abs/1801.07829 and H. Qu and L. Gouskos, PRD 101 (2020) 056019



https://arxiv.org/abs/1801.07829

Solution 2: Graph methods

CMS DP-2020/002 (13 TeV)
5 1T
= CMS
(&) Simulation Preliminary
% _1| Top quark vs. QCD multijet
- 10 500 <p; <1000 GeV, "1 <2.4
o = 105 <m,, <210 GeV
Competitive 3
&)
performance to X 102
Y
other state-of-the- @
art methods o
—DeepAKS8
ParticleNet
10-4 poaad e el 'TE I EE N
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Signal efficiency


https://arxiv.org/abs/1801.07829

Deep neural networks for HEP classification @&
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Beyond Classification

Classification
provide arbitrarily
examples many
for training categories

Generation <« Regression

map noise
to structure

+related topics like anomaly detection, simulation-based inference, ...



Beyond Classification

Generation



Introduction: generative models

A generator is nothing other than a function
that maps random numbers to structure.

E > {3

Deep generative models: the map is a deep neural network.




GANs

Generative Adversarial Networks

=

NFs VAES

Normalizing Flows Variational Autoencoders

Deep generative models: the map is a deep neural network.



Introduction: GANS

. Generative Adversarial Networks (GANSs):
A two-network game where one maps noise to structure
5 and one classifies images as fake or real. '

¢ Cell ID
H O O 00O N O UL D W IN R O

noise

When D is maximally
confused, G will be
a good generator

¢ Cell ID
H O O 0 N O UL b W IN R O

[}
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012 3 456 7 8 91011
n Cell ID

[}
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c
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012 3456 7 8 91011
n Cell ID

R

{real,fake}

- Physics-based
simulator or data

[



Introduction: VAES

. Variational Autoencoders (VAES): ,
. A pair of networks that embed the data into a latent space
. With a given prior and decode back to the data space. '

_ latent space

g 0

= 1

1033 2
5 Il

2 3

102 o a .

=5

' S 6

10! b

| L 8

9

100 10

p(z|x) p(x|z) =

Phyfifs'baze? Probabilistic Probabilistic
Sldatoror data encoder decoder




Introduction: NFs

. Normalizing Flows (NFs):
. A series of invertible transformations mapping a known
. density into the data density.

Optimize via
maximum likelihood

| ; 103%
55. . i
| rmation

iatent Invertible transformations

with tractable Jacobians

space
p(x) = p(z) |dF-1/dx]



Generative Models for Particle/Nuclear/Astro

A" Of th ese terial Interactions with High Energy Particles 103

[

1.

Illllll

i e it 8 R
HHEHEROO0
BRSNS

M. Paganini, L. De Oliveira, B. Nachman, Phys. Rev. Lett. 120 (2018) 042003

pictures are fake! Ih.

=
<
Energy (MeV)

Synthetic Galactic
radiation for Cosmic
Microwave Background

10°

10!

* Synthetlc ,__
; :’f.-’”':" Universes for .
»' Dark Matter

Structure &

N. Krachmalnicoff and G. Puglisi, arXiv:2011.02221

The Structure of
Radiation in the
Quantum Strong Force

Y. S. Lai, D. Neill, M. Ptoskon, F. Ringer, arXiv:2012.06582 M. Mustafa, et al., Comp. Astrophysics and Cosmology 6 (2019)



Generative Models for Particle/Nuclear/Astro

\

Accelerate Slow
Detector Simulations

Background estimation
Accelerate Slow

Parton/particle-
level simulations

Infer Parton/particle-
level Dynamics



Generative Models for Particle/Nuclear/Astro

Accelerate Slow
Detector Simulations



Accelerating Detector Simulations

Calorimeters are often
the slowest to simulate

stopping particles requires simulating
interactions of all energies

01 2 3 456 7 38 91011

¢ Cell ID
e
H O O 00 N O U A W N BEFE O

n Cell ID

Grayscale images:
Pixel intensity =
energy deposited

¢

kz

.



M. Paganini, L. de Oliveira, B. Nachman, PRL 120 (2018) 042003, 1705.02355

Introducing CaloGAN

One image per  One network per particle type;
calo layer input particle energy

\OUTPUTS
Linear

combination  (Generator network

INPUTS

4 |particle
1 | energy H+—>rescale —

y E

Scalar
multiplication

|
latent i Bl > LCN — W4 1_}
1024 space _— —> > >
z B Linear
Resize Combination
(
- Wi2
Woo

\_

?

LA = Locally use layeri as RelLU to
Aware, like a CNN input to layer i+1 encourage sparsity



M. Paganini, L. de Oliveira, B. Nachman, PRL 120 (2018) 042003, 1705.02355

Performance: average images 70

Geant4
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M. Paganini, L. de Oliveira, B. Nachman, PRL 120 (2018) 042003, 1705.02355

Performance: energy per layer

Lot o et Pions deposit much less energy In
- v e the first layers; leave the calorimeter
vy with significant energy
il
10~
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Conditioning

M. Paganini, L. de Oliveira, B. Nachman, 1711.08813

FIX noise, scan latent variable corresponding to energy
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M. Paganini, L. de Oliveira, B. Nachman, PRL 120 (2018) 042003, 1705.02355

Generation Method | Hardware | Batch Size | milliseconds/shower
GEANT4 CPU N/A
7
CPU 10 5.11
Intel Xeon 128 2.19
E5-2670 1024 2.03
CALOGAN w .
4 3.68
GPU 128 0.021
NVIDIA K80 | 912 0.014
1024 0.012 <——

(clearly these numbers have changed as both technologies have
improved - this is simply meant to be qualitative & motivating!)



C. Krause and D. Shih, 2106.05285

Current State of the art

Generative models have gotten much better; are
particularly promising. Added bonus: have an explicit density.

102!
1073
1074
10>
107°

10—7_

o B N W o » U O N
O B N W o » U O N

10 102 107 0.5 1.0 15 2.0 00 02 04 06 08
Depth-weighted total energy Iy Shower Depth s4 Shower Depth Width os,

mt GEANT mt CaloGAN nt CaloFlow

many other papers - see Living Review, 2102.02770



C. Krause and D. Shih, 2106.05285

Current State of the art

AUC / JSD

DNN

vs. CALOGAN

vs. CALOFLOW

unnormalized

1.000(0) / 0.993(1

0.847(8) / 0.345(12)

normalized

0(0) / 0.997(0

0.869(2) / 0.376(4

unnormalized

1.000(0) / 0.996(1

0.660(6) / 0.067(4

normalized

1.000(0) / 0.994(1

unnormalized

0(0) / 0.988(1

0.632(2) / 0.048(1

normalized

(0) (
(0) (
(0) (
(0) (
(0) (
(0) (

)
)
)
)
)
)

1.000(0) / 0.997(0

(2) (4)
(6) (4)
0.794(4) / 0.213(7)
(2) (1)
(4) (4)

0.751(4) / 0.148(4

Output is nearly
indistinguishable
from Geant4 |

many other papers - see Living Review, 2102.02770



ATLAS Collaboration, 2109.02551

Integration into real detector sim.

. Muon
Calorimeters
Spectrometer
FastCaloSimv2

FastCalo | FastCalo | FastCalo Muon

Punchthrough
+Geant4

The ATLAS Collaboration fast simulation (AF3) now
includes a GAN at intermediate energies for pions




ATLAS Collaboration, 2109.02551

Integration into real detector sim.
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The GAN architecture
S relatively simple,
but It IS able to match
the energy scale and
resolution well.
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ATLAS Collaboration, 2109.02551

Integration into real detector sim.

D 0.25 [ -
O} — ATLAS Simulation —
N ~ 15=13 TeV, W'(13 TeV)—~WZ—4q -
] 02— * Jet p_>20 GeV, EMPFlow R=0.4 jets —]
£ - e v — G4 -
§ 0.15— "y --k-- AF2 —] : :
= A v AF3 1 The new fast simulation
> B . 7 (AF3) significantly improves
0.05— \ — . :
S RER 1 Jet substructure with respect
I 2 A I N TR S AN AT 2N I
3 et to the older one (AF2)
< 8:2;:::::::f:::::::.::::::::::::::::::.::::::::::::::::::f:::::’;:::::;::.::::::::::::::::::.:::::::::::::::::.:::::::}::::E
’ ? ? Lea?ging-de%[ONumbzor of Coi?stituer??s
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—— 0.06 Is=13 TeV, Z'(4 TeV)—tt _ ]
] Jet p.>200 GeV, UFO R=1.0 jets ]
§ 0.05 —
|[deally, the same S oo =
calibrations derived for full 5 °* E
sim. (Geant4-based) can be E

applied to the fast sim. T —

AF/G4
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200



ATLAS Collaboration, 2109.02551

Integration into real detector sim.

o | |
 ATLAS Simulation

)
E —
e 4_\E=13 TeV,y,0.20 <l <0.25 }
¢ 10°E -
LL] — =
GEJ _
S : ~4- AF3 ;
%’ —— AF2 i
S
z 10 3 =
- @-=-cc--cc-ccssansaaa. === m----@ ]
| l L ]
10 10°

Energy [GeV]

As expected, the
fast sim. timing Is
independent of
energy, while
Geant4 requires
more time for
higher energy.



S. Diefenbacher et al., 2009.03796

Refining Simulations

As we move towards precision, we may need to
complement primary generative models with post-hoc
correction models (e.g. via reweighting)

0.0125} ‘ Geant‘4 | | | ‘ ] ‘ Ge:ant4 | 0.0125;¢ Geant4
' GAN ((52)=2.88x 1073, r=1.1) 0.4l GAN ({S2) =1.50 x 1072, r = 0.8) | o GAN ({S2) =1.21 x 10-3,r=0.8)

_4? [ DCTRGAN ({§2)=1.12x107%,r=3.6) 4? " | =1 DCTRGAN ({52)=6.72 x 1073,r=3.5) = 0.0100} = DCTRGAN ((5?)=2.19x 107%,r=4.1)

S 0.0100f ... || pcTRGAN ((52)=5.25 x 104, r=1.2) 5 2.7 LLDCTRGAN ((5%)=1.88 x 1072, r=1.4) 5 <% LL DCTRGAN ((§2)=3.07 x 1075, r=1.7)

o 0 0.3 o)

5 0.0075 % % 0.0075

u

N . N

50,0050 [ o2 20.0050

S S 5

Z 0.0025} z0.1 Z 0.0025/
S r ' ' T X ' — ' < : : : . .
LD 2+ | B w 2‘ ] LD 2_ 4
o m N S o) g 0
+ [ o m n o u + I:IJ n
= ﬂ‘"LL'_'_'_E_E_E— 21! & T hm o1 I I B G
Z" i i " . . . . § oL . . il PR Zc " . . . .

%00 600 700 800 900 10 5 20 25 77600 700 800 900 1000
Number of Activated Cells Longitudinal Centroid Total Energy [GeV]

See also 2106.00792 (“LaSeR”) and 2107.08648 (optimal transport-based)
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Accelerating Parton/Particle Sim.”

Flat jet images with GANSs

M. Paganini, L. de Oliveira, B. Nachman

1701.05927

*these are just representative examples - see Living Review, 2102.02770



Accelerating Parton/Particle Sim.”

Flat jet images with GANSs

M. Paganini, L. de Oliveira, B. Nachman

1701.05927

0-08 T T T 0-045 T T T T T 4-0 T T
[ EAEGPATZ(;i?r?a') ) 1 generated (W' — WZ) ] hﬁi,’”;'z(;i?r?a') )
0.07 N P je signal) | | 0.040} o . 3.5 I je signa
1 |3 Lacan (bkg) L' Pythia (W' — WZ) 1 LAGAN (background)
| ! |Z 21 HEPjet2D (bkg) 5 0.035} 1 generated (QCD dijets) | .~ 21 HEPjet2D (background)

0.06 | . D _ . B 3.0} -
o L 5 T _"' Pythia (QCD dijets) o
g ! 2 0.030} g
g 0.05 5 225f
S > 0.025} e iR
° o} °
g 0.04 3 g 20 |
E g 0.020} g A
2 0.03 5 g 1s5f '
£ = 0.015} 2
) 4 )

0.02 | E 1.0}

2 0.010}
0.01 0.005 0.5
0.00 | | | I L 0.000 L | | | '- 1 0.0 —r; | T
40 50 60 70 80 90 100 110 120 200 220 240 260 280 300 320 340 0.0 04 0.6 0.8 1.0
Discretized m of Jet Image Discretized pr ofJet Image Discretized m, of Jet Image

LA = Locally aware; somewhere between a DNN and a CNN
Weight sharing across space

*these are just representative examples - see Living Review, 2102.02770



10—1 — ki, R = 0.6, p7 > 40 GeV |

Accelerating Parton/ParticE .

S
—|= [ i i ~ =+« ME + CNN k, ‘

Flat jet images with GANS 10+ - :
M. Paganini, L. de Oliveira, B. Nachman — 1i
1701.05927 | =

Scale invariant

. . 0
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J. Monk 3 P Wl ot
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100 10! 102
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—
*these are just representative examples - see Living Review, 2102.02770
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N Pananini |

Number of Particles
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Variable-length
output with graphs

R. Kansal et al.

2106.11535

*these are just representative examples - see Living Review, 2102.02770
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Accelerating Parton/Particle Sim.*

Flat jet images with GANSs

M. Paganini, L. de Oliveira, B. Nachman

1701.05927

Fixed number of 4-
vectors, allow for

INtermediate resonances
A. Butter, T. Plehn, R. Winterhalder

1907.03764

Scale invariant

images with AEs
J. Monk

1807.036385

Variable-length
output with graphs

R. Kansal et al. ?

2106.11535

*these are just representative examples - see Living Review, 2102.02770
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Background Estimation

Many cases where simulation is not good enough - can
train generate models to act as simulation surrogates

N.B. everything in I've shown betore this,
we trained on simulation, not on data (!)



J. Lin, W. Bhimji, B. Nachman 1903.02556

Background Estimation

Many cases where simulation is not good enough - can
train generate models to act as simulation surrogates

Example 1: unbinned templates for QCD jets
to extrapolate in jet multiplicity

oer 26 <N
Discriminator
Particles osk Mass Histograms and Ratios
Sampled from Delphes+Pythia : [ - Real Mass Distribution
: : == Template Mass Distribution
Particle + Real Mass ’ . = 04-_ — GAN Mass Distribution
: . RZ R §
B 0| — > | Cost Functions E
Output éw L b N
(pT , 177 N, . ’]\4) Update Discriminator Weights ;?@ 0'3__ Easy to Con d Itl On
According <
i o some o : | on many features
0.2F .
»articles of mass l F ( h ard to d O Wlth
d add noise
01f histograms)
Particles - ‘
Mass replaced by Noise . I
. - oo——————t ol . !
/ : 0 100 200 300 400 500
— > :
Input Particle with Mass % Update Generator Weights
(p 751 N Y ) replaced by Noise According to some cost . T r . .
N he noise z is sampled 1 < L
~ from a late N .8
EJRL S
Generator G A N

Mass (GeV)




A. Hallin et al., 2109.02551; Nachman and Shih, 2001.04990

Background Estimation

Many cases where simulation is not good enough - can
train generate models to act as simulation surrogates

Example 2: unbinned templates for QCD jets
to extrapolate in dijet mass

S/VB
2.14 1.35 1.02 0.68 0.51 0.34 0.17
:U . . i x 1 1 1 1 1 1 1
a.u. 4 i
‘hx‘w i i
i i
xP""*/\ |
| i
I
! n
|
: : >
SB i SR i SB m

Pdata(z|m € SB) 0.60 0.40 0.30 0.20 0.15 0.10 0.05
= ppg(x|m € SB) S/B (%)

Anomaly detection

Pdata(z|m € SB)

ata(T|m € SR
— puglalm € 5p) a7l € ST




A. Butter et al., 2202.09375

Related: Data Compression

You can think of surrogate models as compressing
the data into the parameters of the neural network.

No compression Compress per event Compress entire dataset

Many numbers per event Small set of Small set of numbers
numbers per event per dataset



A. Butter et al., 2202.09375

Related: Data Compression

You can think of surrogate models as compressing
the data into the parameters of the neural network.

Can this also be used for anomaly detection?
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S Data
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: P 25 1
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¢ o . Update rE 15 RN
\ ﬁ‘\&o : : D5
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Trigger : ' Analysis '
LVL1 : : \ : 5 T
BN EEEEEA L - -
1 save | :
HLT : few : ‘ ' 01
1 events ——————— ————— —
' 10° 101 102
................................................ prescale factor

(amount of data discarded by standard trigger)



Generative Models for Particle/Nuclear/Astro
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level Dynamics



Infering Parton/particle-level Dynamics

A

Can we use generative models directly for inference?
(and not “just” for augmenting/accelerating simulation)



S. Bieringer et al., 2012.09873

Infering Parton/particle-level Dynamics

N

Can we use generative models directly for inference?
(and not “just” for augmenting/accelerating simulation)

Example 1: Inferring fragmentation functions

Training Inference

{zm} {z}

Summary LHC Summary
net jets net

& &

zZ m yA .
] ¢
cINN [ QCD ¢cINN atssiat
measurement sampling

g(m; h) P(z) P(m[{z}) g9(z;h) z~ P(z)

See also 1804.09720 (“JUNIPR”) and 2012.06582 (GAN-based)



S. Bieringer et al., 2012.09873

Infering Parton/particle-level Dynamics

— Posterior
- (Gaussian fit

- Relative error of 2%
== Absolute error of 2.5

lirectly for inference”

AAlAaratinA AairmaiilatiAan)
22(1 —y)
Pyg(z,y) =Cr qul —(1—y) + Faq(1 = 2) + Cyqyz(1 — 2)

Pyq(2,y) = Th [Fyq (2" + (1 = 2)*) + Cyqyz(1 — 2)]

z(1—vy) (1-2)(1-y)
D%<1—zﬂ—y) 1—u—¢x1—w>

+ Fyg2(1 — 2) + Cyqyz(1 — z)]

ng(zv y) =2C4

Summary
net

\&g )

r0.1 * [ Gaussian
cINN :
sampling
= = ) g(z; h) z~ P(z)
5 0] 5 -5 0 5 5 0 5

See also 1804.09720 (“JUNIPR”) and 2012.06582 (GAN-based)



M. Bellagente et al., 2006.06685

Infering Parton/particle-level Dynamics

A

Can we use generative models directly for inference?
(and not “just” for augmenting/accelerating simulation)

Example 2: Unfolding

detector %102
2.5
v 2.0
N\ —
g(xa,ra) / L
~ vds T'd 1.5
{Zp, Tp} {zq,ra} o]
[LMMD, MSE} ---------- > INN S ‘[LMMD, MSE] e
0.5
9(177177“1?)
{mp,7p} {Za4,7q} 0.0
1.2
/ \ a“é 1.0
A & 0.8
0 25 50 75 100 125 150 175 200
Pr.q [GGV]
parton

See also 1911.09107 ("OmniFold”) and 2101.08944 ("OTUS")



H1 Collaboration, 2108.12376

Infering Parton/particle-level Dynamics

N
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These (and related)

Jet/@
methodologies

are being studied for ep collisions!

See also 1911.09107 (“OmniFold”) and 2101.08944 (“OTUS”)
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A. Butter et al., 2006.06685; S Bieringer et al., 2202.07352

Uncertainties

Pertormance continues to improve on many fronts. As we integrate
these tools into our worktlows, we need to think about uncertainties.

One guestion is about the statistical power of samples
from a generative model. This depends on the implicit or
explicit information we encode in the networks.
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See also 1909.03081, 2002.06307, 2104.04543 (Generative Bayesian NNs), and 2107.08979 (“resampling”)
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What else can we do?

Usual GAN
Real
Gid The framework of generative
e s models is quite flexible and we can
i do more than generate events.
SymmetryGAN _
St For example, can discover
} - symmetries in data!
8
Gerl?eeliltor — - y



Landscape of approaches

Classification
provide arbitrarily
examples many
for training categories

Generation <« Regression

map noise
to structure

+related topics like anomaly detection, simulation-based inference, ...



Further reading

https://iml-wg.github.io/HEPML-LivingReview/
HEPML-LivingReview

A Living Review of Machine Learning for Particle Physics

Modern machine learning techniques, including deep learning, is rapidly being applied, adapted, and developed for high energy
physics. The goal of this document is to provide a nearly comprehensive list of citations for those developing and applying these
approaches to experimental, phenomenological, or theoretical analyses. As a living document, it will be updated as often as possible to
incorporate the latest developments. A list of proper (unchanging) reviews can be found within. Papers are grouped into a small set of
topics to be as useful as possible. Suggestions are most welcome.

download review

See also https://arxiv.org/abs/2102.02770



Relation to QML

Now we’ll hear quite a bit about Quantum Machine Learning

It seems like the jury is still out about the near term utility of QML
(see also Sulaiman’s talk tomorrow for a counter point to many recent papers in this area)

QML is an exciting tool and I'll certainly watch developments with interest.
| look forward to the results and discussion today and tomorrow!

I’ll stress that classical ML is already impacting HEP
science and it will continue to grow in importance (!)



Conclusions and Outlook

Particle physics data are complex and
unique - modern machine learning tools will
help us them to the fullest potential to
discover something new and fundamental!

Classification
provide arbitrarily
examples many
for training categories

Generation < Regression

map noise
to structure










