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Introductions




State of the field

Large data volumes and complex

structures: Long history of
advanced analysis techniques in
particle physics

Machine learning (ML) quickly
becoming omnipresent in all
aspects

THE USE OF NEURAL NETWORKS
IN HIGH ENERGY PHYSICS*

BRUCE DENBY
Fermi National Accelerator Laboratory
MS. 318
Batavia, Hlinois 60510 U.S.A.
denby@fnal .bitnet

ABSTRACT

In the past few years a wide variety of applications of neural networks to pattern recognition
in experimental high energy physics has appeared. The neural network solutions are in
general of high quality, and, in a number of cases, are superior to those obtained using
‘traditional’ methods. But neural networks are of particular interest in high energy physics
for another reason as well: much of the pattern recognition must be performed online, i.e.,
in a few microseconds or less. The inherent parallelism of neural network algorithms, and
the ability to implement them as very fast hardware devices, may make them an ideal
technology for this application.

420 papers in 2022

\

1992 2023
Inspire: ("machine learning" or
"deep learning" or neural) and
(hep-ex or hep-ph or hep-th)



Micro-Intro: Particle Physics

* Particle physics: study smallest constituents OZ el o F v
of matter = S
Standard Model: incredible scientific oy h
-t b N .
achievement, describes 3/4 fundamental 7L % >L
forces
Mathematical, quantum theoretical

0 >L( %g‘ >L3¢ *“/\,(_

understanding of matter at the smallest <
scales i ’Df‘“gl ‘V(¢>

¢« *° Experimental evidence (e.g. dark matter) &
theoretical considerations: Standard Model
== IS not sufficient, need new physics

,, e Comprehensive program at Large Hadron
t5f  Collider (LHC)

" « Experimental data is complemented by large
volumes of high quality simulations

(synthetic data)
4




Micro-Intro: Data

e Particle collisions with ~1 MB/
event happen at a rate of 40 MHz

¢ Distill to ~1 kHz via lossy,
irreversible filtering algorithms

(Trigger)

® \ery heterogenous data: low-
level readouts in ~100M
channels; can condense to O(10)
high-level features

® One collision/event = “one
Image”

sample i.i.d. from underlying
physics distribution (e.g. the
Standard Model + potential new
physics)



Experimental particle physics

Connect observational data
with underlying theory:
Statistics & simulation
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4,
 Modern ML: function f is a deep neural network &

solve:

argmin,

..and “simply”

(9 %
minimisation carried out via gradient descent

How to map physics objective to loss function L
How to structure f to make maximum use of

physics knowledge

Devil in the details:

A A A
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 How learn in a robust way from minimum
amount of data



Overview

Detailed domain knowledge — mathematical structures,
useful observables, symmetries — in particle physics

How to include in neural networks to improve performance
and/or data and resource efficiency?

Will cover three different areas & approaches
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Overview

* Detailed domain knowledge — mathematical structures,
useful observables, symmetries — in particle physics

* How to include in neural networks to improve performance
and/or data and resource efficiency?

* Will cover three different areas & approaches

1300
h;{,&'gr\i .,___—;—.-.T"_—_h o= ?
1100 A .
900 - 5.¢c=3,k=1,=1
4.¢=3,k=1,=0.5
— trials 1-5
700 7 T lse=2k=08=1 — path 1
—— path 2
500 A === trial 1
trial 2
300 1/ trial 3
ST e trial 4
trial 5
100 : : : I14r:I:3‘Ih‘,:I2.[7'I:1 IIIIIIIIII

1 2 3 45 6 7 8 9 1011121314 1516 17 18 19 20
Features added

Select physically relevant
features for supervised
classification



Overview

Detailed domain knowledge — mathematical structures,
useful observables, symmetries — in particle physics

How to include in neural networks to improve performance
and/or data and resource efficiency?

Will cover three different areas & approaches

3 P > @’ @
2 o \T , V? @)
i U

Add permutation symmetry
to generative networks



Overview

Detailed domain knowledge — mathematical structures,
useful observables, symmetries — in particle physics

How to include in neural networks to improve performance
and/or data and resource efficiency?

Will cover three different areas & approaches

R Tes
h

SB SR SB

“\\

pdata(ﬂ’" € SB)

pdata(I‘"l (S SB)
= prg(x|m € SB)

= pyg(x|m € SB) Paaia(@|m € SR)

See how these issues
affect the current frontier
of anomaly detection



Particle taggers

12



Concrete Task

* Distinguish jets initiated by a top quarks

from jets from other particles

* Binary classification task

* Use simulation as synthetic training data:

perfect class labels available

* (Leads to domain shift when applied

to collider data)
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-= TopoDNN

ParticleNet

~= TreeNiN
- ResNeXt

PFN
CNN

—= NSub(8)

LBN
NSub(6)
P-CNN

-~ Lola
- EFN
=+ nsub+m

EFP

Signal efficiency €s

GK, Plehn, et al 1902.09914

00 01 02 03 04 05 06 07 08 09 1.0

EXPERIMENT 2:‘:‘;3

1.2M training examples (jets),
400k each for testing and validation

Each example: Up to 200 particles with
3 features/particle
(2D position on detector surface+

energy)

Metrics: AUC: area under curve and
R30:1/FPR @ TPR=0.3



Physics symmetries

7

e
2400 - P
® LLFtaggers O M LorentZNet
HLF taggers
2000 - > Transformers
ParticleNet Pﬁ/

1600 - ¢
o Disco-FFS on EFPs .ParticIeNet—Iite \Graphs
s 1 ResNeXt
c 1200 TreeNiN ®

°
8 Nsub & "N BN EFPs NN
800 - 6 Nsub

400 &inear EFPs NConvolutions

D learning

O
O
0 LA | ! ! LA L L L | ! ! L L L L ! ! L L L L LN | ! LI
103 104 10° 10°
Parameters

Sets

* Many ways to encode symmetries in network architecture to improve
tagging performance: Dedicated talk later today

* Instead, a way to automatically find best features to describe a jet

Das, GK, Shih 2212.00046 14



Motivation

 Advantage of few high-level
features:
-easy to understand and calibrate
-cheap to evaluate

 Advantage of complex
architecture and low-level
features: performance

e (Can we combine both?

15



We need a basis

* Energy Flow Polynomials (EFPs) form a basis of jet substructure
* Nodes: energy fractions
 Edges: angular distances

* Depending on order considered, too many (e.g 7k) to efficiently train NN
(many features work if there is structure, not so much for EFPs)

M
.j <~ Zzij, k t <— e’ikie

ij=1

e.g.
® M M M M

2
® ® SJ SJ SJ SJ221212Z13Z7J4 Z1Z2912Z39zQZ4923i4°

® 11=119=113=1114=1

Komiske, Metodiev, Thaler 1712.07124 16



Look for optimal feature set

Solution:; lterative feature selection

Start with an ep1: Train a neural

. network on the
initial set of

known features and
known features obtain a classifier.

Step 2: Find subset

data points X, where
the classifier is most

confused

Step 4: Add the
feature with the
highest score to the
initial set of known

Step 3: Rank the
features based on the
value of a score,

Repeat until the
chosen
performance

metric saturates \ F ——

, on that
subset X,

Das, GK, Shih 2212.00046: Faucett, Thaler,
Whiteson, 2010.11998 17



Algorithm

1054 [ :I:I background
] 11 signal
1 Xo
I
]
o 10%1 :
] ] |
"= |
c :
L
10° - e Focus on maximally
' : confused region
l
i l
= |
0.0 0.2 0.4 0.6 0.8 1.0

Step 2: Find subset

data points X, where
the classifier is most

classifier output /
Start with an Step1l: Train a neural

network on the
known features and

initial set of
known features

obtain a classifier. confused

Repeat until the Step 4: Add the Step 3: Rank the
chosen feature with the features based on the
performance highest score to the value of a score,

metric saturates

initial set of known , on that
features subset X,

Das, GK, Shih 2212.00046 18



Algorithm

New feature under

Already selected
test

features /

X = {(fz-l(f), o fi (f),fz(f))
Y = {yret(¥)|7 € Xo} sf, = Affine-DisCo(X,)).

/ Step 2: Find subset

fEXQ}

Start with an Step1l: Train a neural
Truth label or IR network on the data points X,,, where
- = e known features and the classifier is most
reference classifier known features N e flaad

Repeat until the Step 4: Add the
chosen feature with the

Step 3: Rank the
features based on the
highest score to the value of a score,
initial set of known

features

performance
metric saturates

, on that
subset X,

Das, GK, Shih 2212.00046; 19



Example

1 1 | Pearson
) Correlation
1 1 1 1 1 1
B B RN cov(X,Y
e ~ - o . S PX Y —
Ox0y
0 ‘ 0 0
% %(,é
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Algorithm

Continue adding
features

Start with an
initial set of
known features

Repeat until the
chosen
performance
metric saturates

Das, GK, Shih 2212.00046; 22

ep1: Train a neural

network on the
known features and
obtain a classifier.

Step 4: Add the
feature with the
highest score to the

initial set of known
features

Step 2: Find subset

data points X, where
the classifier is most

confused

Step 3: Rank the
features based on the
value of a score,

, on that
subset X,




e DiscoFFS find
relevant features
quicker than
alternative feature
selection methods

Das, GK, Shih 2212.00046;

R0

Results

1400

1200 A

1000 A

800 -

600 -

400 -

200 A

DisCo (truth)
DisCo (LorentzNet)
DO-ADO (truth)
DO-ADO (LorentzNet)
—— random selection

1 2 3 45 6 7 8 91011121314151617 181920
Features added

23




Results

e DiscoFFS find

relgvant features 24001 o |IF taggers JELICAN
quicker than HLF taggers o
alternative feature 2000 -
selection methods ParticleNet ParT
1600 - O O
e New best trade-off |
b o Disco-FFS on EFPs ParticleNet-lite
performance N CNN
d lexit 8 Nsube ® DNN EFPs @
and compliexi \ 800 - 6 Nsub L%La ° .LBN
.E N P-CNN
i EFP
400 A Hinear > TopoDNN
¢ LDA
o
O"'I T — 1 T T L AL L L T L L L |
103 104 105 106
Parameters

Das, GK, Shih 2212.00046; 24




Results

e DiscoFFS find
relevant features

1300
quicker than = Lz
alternative feature 1100 - =
selection methods

e New best trade-off 9001 pe=sn=1hp=1
between 2 700 - trials 1-5
performance o pZEE ;
and complexity c00 - % frial ]

e Features stable under E:Z: _3,
re-training 300 E trial 4

l.e=3,k=2,8=1 trial 5

1 2 3 4 5 6 7 8 9 101112 13141516 17 18 19 20
Features added

EFPY?) = o> g ) L) 1] 6:%) . ; chromatic number ¢

11 €J iNEJ (m,0)eCG

Das, GK, Shih 2212.00046; 25



Fast simulation

26



Generative Models

Simulation is crucial to
connect experimental
data with theory
predictions

L~ —3F P

L L?/% }L 0. ¢ Complex chain of |
simulations »i'é *

T >L«' Lﬁc;%’ﬁé‘i‘kg
+ R V@)

.....

/7
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Generative Models

Simulation is crucial to
connect experimental
data with theory
predictions

but computationally
very expensive

ATLAS Preliminary

2020 Computing Model -CPU: 2030: Baseline

1%

8%

15%

3%

Simulation and

Generation steps

over 40% of ATLAS
compute effort..

Data Proc
MC-Full(Sim)
MC-Full(Rec)
MC-Fast(Sim)
MC-Fast(Rec)
EvGen

Heavy lons
Data Deriv
MC Deriv
Analysis

Annual CPU Consumption [MHSO06years]

80¢

70
60
50
40
30
20
10

O 1

..and projected to
exceed available
resources.

Run 3 (u=55) Run 4 (u=88-140) Run 5 (u=165-200)
T T | T T T | T T T é¢ T T T |
’l

_l T T T | T T T . | .I T T | T
— ATLAS Preliminary
- 2020 Computing Model - CPU

- © Baseline o
4 Conservative R&D
v Aggressive R&D

— Sustained budget model
(+10% +20% capacity/year) L&

| 1 1 1 | 1 1
28 2030

_l 1 1 1 | 1 1 1 | 1 1 1 | 1 1 1 1 | 1 1 1
2020 2022 2024 2026 20 2032 2034



Generative Models

Simulation is crucial to

connect experimental

data.WIIth theory GAN: Adversarial X x| Discriminator 7 Generator N
predictions training D(x) G(z)
but computationally very
expensive
VAE: maximize x || FEncoder - .

q¢(2]x)

Use generative mOdels variational lower bound
trained on initial data to
augment statistics

Inverse
Flow-based models: Flow

X > = z — -1 —
Invertible transform of f (x) f (z)
distributions

Diffusion models:
Gradually add Gaussian e — — - - -
noise and then reverse

Overview of generative architectures



Generative Models

Passive absorber
l Shower of secondary particles

I

Simulation is crucial to
connect experimental
data with theory
predictions

but computationally very
expensive

Incoming particle

Detectors

lllustration of particle shower

Use generative models CALICE AHCaI testbeam in a sampling calorimeter

trained on initial data to
augment statistics

Want to achieve
particle showers in
calorimeters

y [cells]

Ty
O B N e o O S S A

ILD Detector One data example



Generative Models

Simulation is crucial to

-
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JetNet dateset: Pythia final-state particles

But start with a simpler from a jet. Either up to 30 or 150 particles/jet

task (Claudius will talk
about Calorimeters)
Kansal et al 2106.11535;



Point cloud generation

* In both cases (calorimeter showers, JetNet):
 Each jet/shower is a point cloud with 30 to O(100k) points (particles)

e Each point has a 2D/3D position in space and
other associated quantities

* This poses a limit to using fixed structures (e.g. convolutions)
e How to simulate point clouds directly?

e Specifically: how to add permutation symmetry?



2400 -

® LLFtaggers OPELICAN LorentzNet

® HLF taggers ®
2000 A
1600 A

o Disco-FFS on EFPs ParticleNet-lite
o 12004 ¥ ¢
‘ ] ] []
500 - 8 Nsub o - o0 Nodes: Individual particles,
Edges: Geometrical distance

Linear EFPs

4001 o TopoDNN Particles Observable
L DA Per—Particle Representation Event Representation
‘ Latent Sp
O LR | ! ! LA | ! ! LA L ! ! LA | __@_'O.:
103 10* 10° 10° / jj\ Sz
Parameters — = ;~7®ﬁ G
. qbu u, S et, gr aph an d Energy/Particle Flow Network
\ transformer based
\ i techniques
echniqu
v — 1/
V < ¢ ~ %
p€—>’U pe—>u
B —|-{¢° -~ 7 General message-passing
graph block

Edge block Node block Global block

Das, GK, Shih 2212.00046; Qu, Gouskos 1902.08570; Qu et al 2202.03772; Gong et al
2201.08187; Shlomi et al 2007.13681;



Deep Sets

Theorem 2 A function f(X) operating on a set X having elements from a countable universe, is a

valid set function, 1.e., invariant to the permutation of instances in X, iff it can be decomposed in the
form p (3, c x ¢(x)), for suitable transformations ¢ and p.

Particles Observable

Per—Particle Representation Event Representation

1=l
Fre e

I

I

|

1 I
1 I
| [Fee el
Y@ — i

-
| |
1 I
1

-
-

=
!
-
s
g
1

Permutation invariance for a tagger

: O is ‘easy’: Use a permutation invariant
/ |~ QE aggregation function

____________________________________________________

Energy/Particle Flow Network

Can extend to generation?

Zaheer et al 1703.06114; Komiske, Metodiev, Thaler 1810.05165



5
SIS
) &

point attributes

global
attributes
O,

Equivariant Point Cloud interaction (EPiC) block:
Similar to deep sets, but with additional global
information exchange.

Still permutation equivariant

Buhmann, GK, Thaler 2301.08128; 35



EPIC GAN
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(a) Generator

) s )op- ) Can use to build
< — ~ generator and
g > a;{ F a; outJ > Re2/Feke | discriminator blocks
8 R A R for classical GAN
é__) é__) architecture, but
LL] LL] fully respecting
L J" permutation symmetry.

(b) Discriminator

Buhmann, GK, Thaler 2301.08128; 36
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generated particle multplicity

Good fidelity of
distributions, very fast and
linear scaling with number
of particles



Where to go from here?

 Extend to larger point clouds
* Increase fidelity

e (GANs work, what about other architectures
(VAEs, flows, diffusion)?



FiInding new physics
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Motivation

Observations
from 21 o™ hydroee”

Sm\.\g\‘

* Theoretical and experimental reasons to
expect new physics beyond the
Standard Model

* However, so far only negative results in
direct (model driven) searches

CMS (preliminary) Moriond 2021

Overview of SUSY results: squark pair production
137 fb™! (13 TeV)

 Two discovery strategies:

pp — tt

t — t{{| Combination: SUS-20-002

0¢: arXiv:1909.03460;1908.04722,2103.01290
14 arXiv:1912.08887

2{ opposite-sign: arXiv:2008.05936

* Model-specific

. { — bxi — bW | Combination: SUS-20-:002 2=05
® M O d e I I n d e p e n d e nt 0¢: arXiv:1909.03460;2103.01290 =05
1£: arXiv:1912.08887 z=035
2/ opposite-sign: arXiv:2008.05936 z=05

t = (tx}/biy — bWL])

Combination: SUS-20-002
0£: arXiv:1909.03460;2103.01290

AMs =5 GeV, BF=50%
AM: =5 GeV, BF=50%

Machine learning plays a key

14 arXiv:1912.08887

role in both — focus on
anomaly detection now

t — bffgY
t — by — bff'gy
t—e?

t — by — brf — btz

b — b?
b — txF — tWz3

§—qif

Selection of observed limits at 95% C.L. (vheory uncer
The quantities AM and © represent the absolute mass

04: arXiv:1909.03460;2103.01290 AM < 80 GeV (max. exclusion)

0£: arXiv:1909.03460;2103.01290 AM < 80 GeV (max. exclusion), = = 0.5

0¢4: arXiv:2103.01290 AM < 80 GeV (max. exclusion)

2¢: arXiv:2008.05936 =05
pp — bb

0¢: arXiv:1909.03460;1908.04722

2¢ same-sign and > 3{: arXiv:2001.10086 Mgy =50 GeV

PP — qq

0¢: arXiv:1909.03460;1908.04722

0¢: arXiv:1909.03460;1908.04722 one light squark (i, d, & or 3)

dn + G (i.d. 2 5)

250 500 750 1000 1250
mass scale [GeV]

ies are not included). Probe up to the quoted mass limit for light LSPs unless stated otherwise
between the primary sparticle and the LSP, and the difference between the intermediate

&8 dillerence
sparticle and the LSP relative to AM, respectively, unless indicated otherwise,
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Strategies

* Orthogonal strategy to model
specific searches:

* Discover new physics
with making minimal assumptions

* |Less sensitive to one specific model, broader coverage

ML-assisted global comparison Resonant anomaly detection /

e Systematically compare simulation to Enhanced bump hunts
recorded data, look for differences ¢ Estimate background in-situ from

¢ (Con: Rely on imperfect simulation, data
maximally background model e (Con: Need to make assumptions
dependent about signal shape

e Pro: Sensitive to all types of e Pro: Data-driven on background
anomalies model

GK et al 2101.08320; Arrested et al 2105.14027; 4]

CMS 2010.02984; ATLAS 1807.07447



Resonant Anomaly Detection

Ccoun éS
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Resonant Anomaly Detection

+~q<(c{ ‘t(?ww( C(}thskm
(n'n (I)cyw eral CO/rc.(.QlEJ ikl W)>
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Resonant Anomaly Detection

Need to find a feature
In which signal is resonant
and background smooth.

No assumptions in other
features.

m
( ook (’a, o smc(( sfqm.L)

(oceliscd I m, and c(((w‘t Further generalisation as

Open ISsue.

SL«PQ (0 th("V (;J‘V/Cf
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Resonant Anomaly Detection

Ccowun éS

Em L\«MCACJ ‘)ump“‘ﬂun‘l" Usc M L_

No worry, will come back
%0 bdll(J C(Q(S;Ocr R\)() Lo ‘('(/N-" to HV\C/)Wy !

gv_(«(e‘ng E\f) =c Q_V)(/)cehee) g{crnqL this is done is a moment
(’Va c£;°4
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Resonant Anomaly Detection

_E\V'L\MCA@J ‘)ump*‘nun‘l" /’C»c_h (I'(

‘)QC'C lrotf‘l (I/ON\ S‘IAQ‘)QVK(&, Compore
Co C{qq ) SIc(nq,( Vzc‘ﬂOr\
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Autoencoders

Compressed
representation

L(@) = [|o — go(fo())]|z oo

Autoencoders:
Learn-compression/
decompression on signal free
sample and use loss as
anomaly score

Background rejection 1/eg

Heimel, GK, et al 1808.08979; Farina et al 1808.08992; ...

10°

102 E

=
o
i

100 1+

0.0 0.2 0.4 0.6 0.8 1.0
Signal efficiency €5



o I < l S
e : b : | P
a.u.4 | L
N 1 .
T | :
“ : :
\_g' 1 1
TS I |
TN | I
e |
-x‘. i
Ny
N
i i >
SB ; SR ; SB m
pdata(x‘m S SB) pdata(x‘m € SB)
€eSR
= prgl(z|m € SB) Pdata (2| ) Z Dhg(x|m € SB)

GK, Nachmann, Shih et al 2101.08320;
Hallin, .., GK et al 2109.00546;
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Welcome to the home of the LHC
Olympics 2020!

https://Ihco2020.github.io/homepage/

Consider resonant anomalies:
reduces generality — but allows
fully data-driven construction of
anomaly detection score



http://www.apple.com/uk

Autoencoder Challenges

e Complexity bias

[RY
(@)
I | I

=
Qo
I I L

%
5
If anomalies are much simpler than s |
backgrounds: L will still be lower, despite g"'ﬁ;‘ B
never encountered in training. Overcome g 0-4¢ .
e.g. with normalising AE 402 .
. OO [ —— Gaussian NF - (Gaussian AE - (Gaussian CWoLa
 Change of variables
_02 | m—— tanlh NIF W 1— talnh AEI I—- tlanh CVIVoLa |

00 02 04 06 08 1.0

Autoencoder approximates background Signal Efficiency

density — not stable under change of

variables
R B -
\\ / \ B / /f X A
\ NN z pita
| | A AN
~~0.6 / \
iy \ = S, / \
Ka TS \ < Mo / \
S Iy, %N / \

0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4
X X z

GK, ...Shih, et al 2209.06225; Le Lan, Dinh 2012.03808:
Weber MSc thesis; Finke et al 2104.09051; Dillon et al
2206.14225;



Weak supervision

4 N\ [ )

pu, _ fips+(L—f)ps _ filss+ (1= fi) Sideband Signal region
pvy  fors+ (1= fa)ps  faLsp+(1— f2)

Lt ym, =

° o0 o o .a
L% N
2% 9,8 s ° 2 Q: °
®ge -'% 4y .o / ° '\Q%B
beda - %,

.g,:....' .

%,
@0 ¢ °
Cc g et

— ) U —
0 1
Classifier

J

. * Train a classifier between side-band
e . and signal region
H T * Discrimination possible if different
|
= i - i A process
Pda a($|m S SB) Pda a(x|m € SB) ® . - .
T e gy Pama(elm € SR) - Pl C Requires no-correlation for

background

Metodiev, Nachman, Thaler, 1708.02949; Howe, 50
Nachman 1805.02664



CATHODE & Friends

Train a generative model
here (conditional normalising
flow)

[,

SB § SR § SB m

Pdata(x|m € SB)
= ppg(x|m € SB)

Pdata(x|m € SB)

pdata@j‘m S SR) _ pbg($|m c SB)

GK, Nachmann, Shih et al 2101.08320;

5
Hallin, .., GK et al 2109.00546;



CATHODE & Friends

Interpolate &
_—~"and sample here

[,

SB § SR § SB m

Pdata(x|m € SB)
= ppg(x|m € SB)

Pdata(x|m € SB)

pdata@j‘m S SR) _ pbg($|m c SB)

GK, Nachmann, Shih et al 2101.08320;
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Hallin, .., GK et al 2109.00546;



CATHODE & Friends

x , x
) Ry
T S,
2 S
R
a.u. 4
N

i/

\J

[,

SB § SR

Pdata(x|m € SB)

_ pbg(x|m c SB) pdata@j‘m S SR)

SB m

Pdata(x|m € SB)
= ppg(x|m € SB)

Train a binary classifier between

~ prediction & data

Generative
model output

ZC“

oo

. %80 ee
1o wtRag, o

R I

GK, Nachmann, Shih et al 2101.08320;
Hallin, .., GK et al 2109.00546;
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CATHODE & Friends

0.0 Signal Region
| — Supervised
17.5 — l|dealized AD
. ) —— CATHODE
v 15.0 ) CWola
GEJ " 'M —— ANODE
3 12,5 " W ONC e random
5 N
£ 10.0
(O] A
S N
_g 7.5 \\
= ‘
S 50 //‘—_\ \
5
. 4 B

25 - Generative

T - d I t t Actual data

T 0.0 0.2 0.4 0.6 0.8 1.0 odel outpu

Signal Efficiency (True Positive Rate)
x o . . x a
; &L*f"'i:* A
Cut on classifier output to  \\, \_ -/

identify possible anomalies \
Classifier

GK, Nachmann, Shih et al 2101.08320;
Hallin, .., GK et al 2109.00546;
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CATHODE & Friends

e Most sensitive current resonant

o Signal Region anomaly detection technique
. — Supervised - . .
17.5 —— Idealized AD e Stability improvement: coming
o —— CATHODE
o 15.0 CWola next
| MR — ANODE | o
S ' N O~ random * Currently preparing application
£ ‘
g 100 5 on CMS data
g 50 / ~ \
2.5 - S : ( \ (
0.0 APPITTTITLILLLL sennenneereeee e e I . e o — !
0.0 0.2 0.4 0.6 0.8 1.0
Signal Efficiency (True Positive Rate)
x . x a
: n s
Cut on output to NN \_

enhance possible anomalies \
Classifier

GK, Nachmann, Shih et al 2101.08320;
Hallin, .., GK et al 2109.00546; Hallin, GK,
et al 2210.14924
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LaCATHODE

AR dataset (bkg-only training), selecting 1%

* If R(x) is only calculated in fullbkg —— CATHODE
signal region, it’s extrapolation 100 - oL e SR —— LaCATHODE
Is not well-defined ] L
. ) 1071 5
e Potential problem for bump- i i
hunt if it shapes distributions : o= ]
b 103 - —
) ]
104 3

Hallin, GK, Shih, et al, 2210.14924 56



LaCATHODE

Lower Sideband Signal Region ~ Upper Sideband —_— no cut

————— medium cut

........... tight cut

log(counts)
log(counts)

_______

* If R(x) is only calculated in
signal region, it’s extrapolation
is not well-defined

e Potential problem for bump- .
hunt if it shapes distributions %
* |nstead, train classifier in 0 0
latent space L. reom sampie of z-nc01)
() 2
N\~~~
l l

I1. Classifier

Hallin, GK, Shih, et al, 2210.14924 57



LaCATHODE

AR dataset (bkg-only training), selecting 1%

e If R(X) is only calculated in fullbky —— CATHODE
signal region, it’s extrapolation 10° ; ol SR —— LaCATHODE
Is not well-defined ] 1

 Potential problem for bump- i 0
hunt if it shapes distributions : o= ]

* |nstead, train classifier in
latent space to achieve 1072 B
flat distributions ]

1074 5

Hallin, GK, Shih, et al, 2210.14924 >8



Comments on anomaly
detection

* As CATHODE approximates a likelihood ratio, it should be robust
compared to methods that only use pBackground (€.9. autoencoders)

B

Px(_ )
f
. pz(2)

59

2012.03808 (Lan & Dinh)



Training Data

Comments on anomaly
detection

* As CATHODE approximates a likelihood ratio, it should be robust
compared to methods that only use pBackground (€.9. autoencoders)
* However, still can be sensitive to choice of input features
* Here shown: idealised anomaly detector (perfect DE)

Max SIC Max SIC
196k {15.19314.89415.49416.79417.5$317.19917.29617.29817.993118.09:3 17.64: e 196k CRERR 101711114.19514.50816.293 16.40916.18:817.29317.18;17.2¢ 7
156.8k 14.99-314.83415.69316.59416.23217.19917.18617.83318.08917.28 12 156.8Kk 15.09:516.69315.21:016.60:816.28:317.357
oY@ 12.29711.50711.6}1 15.494 15,897 16.39516.49417.99317.83:417.293 © 98k 15.18:$15.50:515.8%:317.503
a
LR:P@ 5.317 5.11% 8.517 10.7 2N E 15.09416.19817.69-917.53416.992 2 58.8k 14.60716.137
C
£ , |
39.2k 14.59715.39317.29217.492 F 39.2k 783 3.58% 4.833 7.7%5 9.697 11.55: 14.49216.433
29.4k LEPEE L 14.30815.007 17,197 pLRE 1207 1.088 2183 3.281 4.083 5.603 7.2%¢ 9.503 WA0GTURSGEN Ui
4
ENYE 1.800 1.507 6.153 5.305 5.203 M2NGENNNEE11 255 12800 CaFy B LR 5 19.6k
06 07 09 15 2.0 3.0 40 5.0 10.0 15.0 25.0 06 0.7 09 15 20 30 4.0 50 10.0 15.0 25.0
S/B (%) S/B (%)
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Comments on anomaly
detection

* As CATHODE approximates a likelihood ratio, it should be robust
compared to methods that only use pBackground (€.9. autoencoders)
* However, still can be sensitive to choice of input features

e Need also consider

* Higher dimensional input data
e Stable training

* Holistic ‘end-to-end’ setups

61



Closing & future outlook
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Conclusions

e Large potential and wide range of
applications of machine learning in
particle physics

* Key issue of including physics knowledge in
ML training:
- Either by starting from physics
observables and constructing efficient
selections
- or by building architectures that are
invariant/equivariant under relevant
symmetries

* Recent progress in anomaly detection —
but scaling stable techniques to more
complex data representations still unsolved

Thank you!
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Backup



Distance Correlation

dCov?(X,Y) := E[|| X — X'|||Y - Y'|]+
E[| X — X[ E[|]Y — Y|
—2E[||[ X — XY — Y]
. dCov?(X,Y
dCor?(X,Y) = oY ( ) |

dCor (X,Y) = dCor?(Z _1/22,2;1/2}7).

T

Das, GK, Shih 2212.00046; s Covariance matrixes



