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(Brief) Motivation

Theoretical and experimental guestions motivate a deep
exploration of the fundamental structure of nature

We have performed thousands of hypothesis tests & have no
significant evidence for physics beyond the Standard Model

Three This is what keeps me up at night!
possibilities

(3) We are not looking in the right place




New Methods

new ideas!
N Some autoencoders
8 se_arches L DA
Iy (train sg;r][al ANODE
% '8 versus data) CWola
o :).’_ SALAD
2
O E Most Some searches
O 9 searches  (train data versus
S (train with background
& simulations) simulation)

sighal model independence

BN and D. Shih, 2001.04990

There are many new

ideas that make use

of modern machine
learning

The goal is to learn

directly from data,

Injecting as little bias
as possible



New Methods |: CWolLa

Data are unlabeled and in the best case, come to us
as mixtures of two classes (“signal” and “background”).

Mixed Sample 1 Mixed Sample 2

(we don't get to observe the color of the circles)



I Weak supervision:
Classification Without Labels

___Q

Mixed Sample 1 Mixed Sample 2

Can we learn

without any label OE®®®®

- - OOOGG
information? 000006

OO
clelelelel

E. Metodiev, BPN, J. Thaler, JHEP 10 (2017) 51
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CWola for anomaly detection

J. CO””']S, K HOWG’ BPN, __ Mixed Sample 2 __ Mixed Sample |
Phys. Rev. Lett. 121 (2018)

85860 08¢
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CWola for anomaly detection
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gisss i1
88888 N $3¢
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backgrounad

Mres

training + be careful to not pay a big trials factor
feature space (ask if interested)



Example: two “jet” search

| I
Features: radiation —
pattern inside each jet

-~

™~

ATLAS -

EXPERIMENT e

Run: 302347
Event: 753275626
2016-06-18 18:41:48 CEST



Example: two-"jet” search

— — — —
- - - -
— [\ w NN
ul SRR L ool
LHC simulation

Events / 100 GeV

—_
-
)
T

2000 3000 4000
myJ [GeV/c2]



Example: two-"jet” search

sidebands
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Example: two-"jet” search
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...and when there is a signal?
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Anomaly detection: Overview

J. Collins, K. Howe, BPN,
Phys. Rev. Lett. 121 (2018)
241803, 1805.02664
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Collision data results

ATLAS Collaboration
PRL 125 (2020) 13801, 2005.02983
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Collision data results
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Collision data results
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Collision data results

5 EgOFT T T T T T -
gt e — — I —
= ES g5 ! ATLAS =
m O - Limit on new ! Vs =13 TeV, 139 fb-1 =
oM 30¢ particle . €=0.1,ma =3000 GeV —

l (:’;) ~ production at 95% : -
S < 25t confidence level . = Observed —
<1 - ' - - - Expected -

LLI B | T

— g 20; ! +10 -
Obv 15F | +2 0 —

o\o . : _

LO N | 7

) = , -

- | =

- | -

- | =

; 0 '
" / / NN
*A 70 % % 0 % %, (mg,mc ) [GeV]
Cs 2.0, %) 23 .0 Y
/| 997 Y



Collision data results

Fun fact: this plot required training 10k NNs
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Collision data results

Fun fact: this plot required training 10k NNs
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Collision data results
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Fun fact: this plot required training 10k NNs
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Extending CWolLa

CWolLa is 100% simulation independent.
Can we use simulation to improve it but still be as
Independent from simulation as possible?

General idea of CWolLa: train a classifier
to distinguish data in the signal region
from data in a reference sample.



Extending CWol.a

CWolLa is 100% simulation independent.
Can we use simulation to improve it but still be as
Independent from simulation as possible?

to distinguish data in the signal region

from data in a reference sample.
T SA-CWola

General idea of CWola: train a classifier \

SALAD



New Method |I: SA-CWolLa
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New Method |I: SA-CWolLa

SB SR SB ——— Fit(KS p= 069)
s S Background |
10 \N”“?\\\\\ Signal
s T Need the CWola
g ol B | classifier to ignore
g information
4ol correlated with m;
13550 3000 3500 4000 4500 5000 Can use S|mU|?t|On
mj; [GeV] to enforce this*!

Loss = (SR vs. SB in data) - A (SR vs. SB in MC)

*Can’t combine CWolLa with standard decorrelation approaches because they may wash out the signal



New Method |I: SA-CWolLa
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*Can’t combine CWolLa with standard decorrelation approaches because they may wash out the signal



A. Andreassen, BPN, D. Shih, PRD 101 (2020) 095004

New Method Il: SALAD

........................ sideband region
5, 10 "Data” (Pythia) |
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-0.2 0.3 0.4 0.5 0.6 0.7 0.8- :
NN output (Pythia versus Herwig) refereﬂce, but train a

parameterized
reweighting model

The reweighting function " the sidebands

(also a NN) is a function of mj

Parameterized high-dimensional reweighting (DCTR): A. Andreassen and BPN, PRD 101 (2020) 091901 (R)



New Method II: SALAD

1060 00— —— —
; — Supervised |
T+ ] S — patavs.sim. | We want the reference
| — OALAD ' sample to be as close
104¢ — Optimal CWola .
B O CWola . to the SR background
>ACWola as possible.

........... Random

=
o
N

We can take
e e | petarence. but train a
Signal Efficiency (True Positive Rate) parame’[erized
reweighting model
IN the sidebands

Rejection (1/False Positive Rate)
=
o

The reweighting function
(also a NN) is a function of mj;



Selected Method Summary

Reference

Reference Bin
Sample

Approach

Sideband Standard
Region classifier
SA-CWola Sldeband Data Decorre_lgted
Region classifier
. . Density
Signal Region Data estimation
Signal Region Simulation fiztsignise
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Outcome of the LHC Olympics




Outcome of the LHC Olympics

mz=3.8 TeV

my=378 GeV

Black box | of 3



Sample outcomes

(order is arbitrary) Correct answer
Y
ResNet + BDT ®. _
PCA- —e .
LSTM- o | o
High-level features AE- o - 0
Tag N Train 0 : 0
Density Estimation (GIS) 0 ]
VRNN- . —e— | 1 e
Latent Dirchlet Allocation- o '
Human NN o :
0 2000 4000 6000 -5 O 5
Resonance Mass [GeV] Pull

N.B. not everyone reported an uncertainty



LHC Olympics, big picture

1

The LHC Olympics 2020

A Community Challenge for Anomaly
Detection in High Energy Physics

Gregor Kasieczka (ed),! Benjamin Nachman (ed),?? David Shih (ed),* Oz Amram,’
Anders Andreassen,’ Kees Benkendorfer,>” Blaz Bortolato,® Gustaaf Brooijmans,®
Florencia Canelli,’? Jack H. Collins,!' Biwei Dai,'? Felipe F. De Freitas,'®> Barry M.
Dillon,%'* loan-Mihail Dinu,® Zhongtian Dong,'® Julien Donini,'® Javier Duarte,'” D.
A. Faroughy'® Julia Gonski,” Philip Harris,'® Alan Kahn,® Jernej F. Kamenik,5 !9
Charanjit K. Khosa,?30 Patrick Komiske,?! Luc Le Pottier,??? Pablo
Martin-Ramiro,>?* Andrej Matevc,®!” Eric Metodiev,?! Vinicius Mikuni,'? Inés
Ochoa,?* Sang Eon Park,'® Maurizio Pierini,?> Dylan Rankin,'® Veronica Sanz,?0:26
Nilai Sarda,?” Uros Seljak,>'% Aleks Smolkovic,® George Stein,>!? Cristina Mantilla
Suarez,” Manuel Szewc,?® Jesse Thaler,?! Steven Tsan,!” Silviu-Marian Udrescu,'®
Louis Vaslin,'0 Jean-Roch Vlimant,? Daniel Williams,” Mikaeel Yunus'®

nstitut fiir Experimentalphysik, Universitit Hamburg, Germany

2 Physics Division, Lawrence Berkeley National Laboratory, Berkeley, CA 94720, USA

3 Berkeley Institute for Data Science, University of California, Berkeley, CA 94720, USA
*NHETC, Department of Physics & Astronomy, Rutgers University, Piscataway, NJ 08854, USA
5 Department of Physics & Astronomy, The Johns Hopkins University, Baltimore, MD 21211,
USA

6 Google, Mountain View, CA 94043, USA

" Physics Department, Reed College, Portland, OR 97202, USA

8 Jozef Stefan Institute, Jamova 39, 1000 Ljubljana, Slovenia

9 Newvis Laboratories, Columbia University, 136 S Broadway, Irvington NY, USA

10 Physik Institut, University of Zurich, Winterthurerstrasse 190, 8057 Zurich, Switzerland

N SLAC National Accelerator Laboratory, Stanford University, Stanford, CA 94309, USA

2 Berkeley Center for Cosmological Physics, University of California, Berkeley

13 Departamento de Fisica da Universidade de Aveiro and CIDMA Campus de Santiago, 3810-183
Awveiro, Portugal

H Institute for Theoretical Physics, University of Heidelberg, Heidelberg, Germany

5 Department of Physics €& Astronomy, University of Kansas, 1251 Wescoe Hall Dr., Lawrence,

Several teams did well on

the first black box, but
ack boxes 2 (no signal
and 3 (multijet + multiple
decays) were much harder.

This was an incredibly
rewarding exercise and we
hope It will be an important

benchmark tor the future!

Stay tuned for our community report with
may more details ! (ETA: next week)



Conclusions and Outlook

Deep-learning based
anomaly detection has a

great potential for discovery!
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