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Disclaimer

This talk Is not meant to be comprehensive. | will give
a few examples and comments to spark discussion.

| will use representative examples, but will make
no attempt at providing a balance across
experiments from the LHC and beyond.

While | am a member of ATLAS (and

1), this

talk is not on behalf of my collaborators.
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Normalized counts

What is jet substructure good for?

A tool to tag Lorentz boosted,
hadronically decaying particles
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What is jet substructure good for?

Fundamental parameters of the SM

BSM searches using small deviations from SM

Quantum properties of inherently exciting emergent pheno
Develop / tune Parton Shower Monte Carlo (to aid other
searches / measurements)

A probe of fundamental
and emergent properties of
the strong force




Strong Coupling from Jet Substructure

\
PDG
—— | Why do we
5% . 5% 10%
. care about
: Pythia A14 + VAR2 (NNPDF -
. ythia A (NNPDF) o from jets?
: Pythia Monash— e Resummation-
8 —Herwig/Sherpa default senstiive obsrvable at
Thrust |} LEP gives most
—c— ' - :
: precise collider
s— +top cross-section (CMS) measurement, but is
I l —h

o' ot5 o012 oi» oi3 oim ona S0 away from lattice.

g (M%)
1803.07977



A. Larkoski, S. Marzani, G. Soyez, J. Thaler, JHEP 1405 (2014) 146

Precision jet substructure with grooming \

Grooming makes pp jets “look like” et+e- jets.

Particular grooming algorithms (soft
drop / modified mass drop) have
desirable properties to make the

above statement quantitative.

This makes observables on softdropped
jets amenable to precision calculations
for the ~first time at a pp collider.

This is particularly important because JSS observables
are dominated by resummation and not fixed-order!


https://arxiv.org/find/hep-ph/1/au:+Larkoski_A/0/1/0/all/0/1
https://arxiv.org/find/hep-ph/1/au:+Marzani_S/0/1/0/all/0/1
https://arxiv.org/find/hep-ph/1/au:+Soyez_G/0/1/0/all/0/1
https://arxiv.org/find/hep-ph/1/au:+Thaler_J/0/1/0/all/0/1

The Soft Drop Procedure

Take a Jet clustered with e.g. anti-k;

|

clusters hardest
radiation first



The Soft Drop Procedure

!

Re-cluster it with C/A

clusters closest
radiation first



The Soft Drop Procedure

Traverse the clustering

tree backwards j—— |

| e > s (A1)
It a branch point 2
satisfies the soft drop — -

condition, stop. —

|

Otherwise remove the softer branch
and continue down the harder branch.




The Soft Drop Procedure

Traverse the clustering .
tree backwards j—— "

}

It a branch point
satisfies the soft drop
condition, stop.

|

Otherwise remove the softer branch
and continue down the harder branch.




Groomed Jet Mass

Relative Probability
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C. Frye, A. Larkoski, M. Schwartz, K. Yan, JHEP 07 (2016) 064


https://arxiv.org/find/hep-ph/1/au:+Frye_C/0/1/0/all/0/1
https://arxiv.org/find/hep-ph/1/au:+Larkoski_A/0/1/0/all/0/1
https://arxiv.org/find/hep-ph/1/au:+Schwartz_M/0/1/0/all/0/1
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https://arxiv.org/find/hep-ph/1/au:+Frye_C/0/1/0/all/0/1
https://arxiv.org/find/hep-ph/1/au:+Larkoski_A/0/1/0/all/0/1
https://arxiv.org/find/hep-ph/1/au:+Schwartz_M/0/1/0/all/0/1

Experimental Status

PRD 101 (2020) 052007, PRL 121 (2018) 092001
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The Path to s

- Non-Perturbative control
- Higher-order fixed-order (PDG requires NNLO)

- Sensitivity to g/g fractions
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Beyond as(mz)

Jet (substructure) allows us to probe QCD at many scales. The running
of the strong coupling can be used as an indirect probe of BSM.

New fermion limits using NLOJet++ & ATLAS data
% —1
=’ 20 !

This approach complements
direct searches, as this is
agnostic about the decay

properties of new particles.

Clggy / Clgy,

15

CL,

10

(Intersting discussion: what is
the scale probed by a 5
particular observable?

Seems not a trivial question)

, C
...... /'/ - - Expected
: - — Observed

| |
1000
m,, [GeV]

|
0 500

J. Llorente and BPN, Nucl. Phys. B 936 (2018) 106



Jet Substructure and Emergent QCD
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Correlations Part I: Jet Pull

As In many other areas of physics, studying correlations
gives us a handle on emergent properties of QCD

Example 1: Jet pull

We can study QCD
entanglement from
correlations in the radiation
patterns of pairs of jets.

Legend

¥ Jet-pull vector 7 (j, An exciting laboratory

Jet-connection vector

ol el 1wt ) for this work is boosted
(size weighted by pr)

-_— W bosons, a copious

=v-ui gource of singlet — jets.




Correlations Part I: Jet Pull

As In many other areas of physics, studying correlations
gives us a handle on emergent properties of QCD

Example 1: Jet pull Eur. Phys. J. C 78 (2018) 847

s=13TeV, 36.1 fb Statistical Unc.
Total Unc.
—— Powheg+Pythia8
-5 Powheg+Pythia8
(Colour-Flipped)

W boson — two jets

Legend
Jet-pull vector P (J1)

Jet-connection vector
Jet-pull angle (j; w.r.t. j2)

Constituent of j;
(size weighted by pr)

—)
Ay =y —yj 0.95

1

Prediction
Unfolded

0 01 02 0.3 0.4 05 0.6 o7 0.8 0.9
Br = How much the radiation from Charged particle 65 (j;*, j*) [rad]/=
one jet “leans” toward the other.




Correlations Part I: Jet Pull

As In many other areas of physics, studying correlations
gives us a handle on emergent properties of QCD

Example 1: Jet pull Eur. Phys. J. C 78 (2018) 847

Cluster 5 . * . 4
L L B B B Energy i S = 13TeV 361fb—1 StatIStlca| UnC

Run Number 204668 (GeV) - Total Unc.
Event Number 104923301 ] —— Powheg+Pyth|a8

I_ s = 8 TeV 30.0 _ —5- Powheg+Pythia8
. (Colour-Flipped)

11.0 | W boson — two jets

4.0

Azimuthal Angle (¢)

1.5

J;

@ Clusters (size « log(E)) pj ~ pilj_z ~ 50 GeV
+  Jet Axes

1

Prediction
Unfolded

Pull Vector (x 100) m,,, ~ 70 GeV
| | 11 1 1 | 11 1 1 | 11 1 1 | 11 1 1 | 1| . 0l95

-1 -0.5 0) 0.5 -1_ : O 0.1 0.2 0.3 04 0.5 0.6 07 0.8 0.9
Rapidity (y) Charged particle 0 (j2V, j}V) [rad]/=




Correlations Part I: Jet Pull

As In many other areas of physics, studying correlations
gives us a handle on emergent properties of QCD

Example 1: Jet pull

Eur. Phys. J. C 78 (2018) 847

Here Is an observable £ |, ATLAS . Data E
3 = - /s=13TeV, 36.1fb~" Té?glsac;%l Unc. ]

wnere we cant “lE 115 - -~ PowhegsPythiad

. . . o C -5 Powheg+Pythia ]
distinguish between 84 E (ColourFlpped) -
“entanglement” turned o5 Wboson = iwojets
uonu aﬂd uoffu | 1; - ; D D _;

095 -8 & &

Theory predictions are e

1.05

challenging, but in 53 . : .
e 11 _ =
development &)5 0.95 oo “ ** ...... ]
o"'c')'1"'0'2'"0'3"0'4"0'5"0'6"0'7"0'3"0'9"'1
(see A. Larkoski, S. Marzani, C. Charged particle 0p (j¥, j¥) [rad]/

Wu, PRD 99 (2019) 091502)




Correlations Part Il: g — bb

As In many other areas of physics, studying correlations
gives us a handle on emergent properties of QCD

Example 2: g — bb

Gluon splitting to bottom
guarks gives us the only
~pure access to QCD
splitting functions.

(and of course, this is
a very important
process for Higgs)
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Correlations Part Il: g — bb

As In many other areas of physics, studying correlations
gives us a handle on emergent properties of QCD

Example 2: g — bb

- ATLAS
5 Vs=13TeV,L =33fb"

2016 Data

Total Uncertainty
Sherpa 2.1

Sk Pythia 8.230 (A14 + Var2x+)
Pythia 8.230 (A14, no g pol.)

Phys. Rev. D 99, 052004 (2019)

MC/Data




Correlations Part Il: g — bb

As In many other areas of physics, studying correlations
gives us a handle on emergent properties of QCD

Example 2: g — bb

MC/Data

- ATLAS
5 Vs=13TeV,L =33fb"

2016 Data
Total Uncertainty
Sherpa 2.1
. Pythia 8.230 (A14 + Var2z)
Pythia 8.230 (A14, no g pol.)

Phys. Rev. D 99, 052004 (2019)

Gluons seems “more
polarized” in data than |

our predictions. Slight
improvement from matri
element corrections

(Sherpa 2 — 3).

See also Fischer, Lifson, Skands,
EPJC 77 (2017) 719




Correlations Part Il: g — bb

As In many other areas of physics, studying correlations
gives us a handle on emergent properties of QCD

Example 2: g — bb

—

I I I I | I I I I | I I I I | I I I I | I I I I
- ATLAS (s=13Tev,L_ =33fb" ]
Data (post-fit) MC (pre-fit)
—o— BB —C - BB |

Also find that the
flavor fractions are

not quite correct?

+B

Flavor Fraction
o
(00

Phys. Rev. D 99, 052004 (2019)

(determined from a fit
to the displacement
of tracks inside jets)




Correlations Part lll; TEECs
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2020-025/

Correlations Part 1V: Isolate the Physics ;

gé_ ATLAS Simulation
Important: isolate F
effects with different :
physical origin iy
3t
Tool: Lund plane to L
Categorlze a” hard E A Particle-level Emission
Spllttlngs at Once 15_ \V4 Detector-level Emission
O T e e

In(R/AR)

[Dreyer, Salam, Soyez, JHEP 12 (2018) 064]



Phys. Rev. Lett. 124, 222002 (2020

Correlations Part 1V: Isolate the Physics

<
— = 6 ATLAS Simulation
j 1 B Pythia 8 Lund Plane Event Display

ST

A

gl

ol

/2 : A Particle-level Emission

11—
B \V4 Detector-level Emission

O_Illlllllll|||||||||||||||||||||||||||||||||||||||
O 05 1 1.5 2 25 3 35 4 45 5

In(R/AR)

Z = j1 momentum fraction of |

AR = angle between j1 and jo
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Correlations Part 1V: Isolate the Physics

<
— = 6 ATLAS Simulation
j 1 B Pythia 8 Lund Plane Event Display
51
A
\ 3__
ol
/2 : A Particle-level Emission
11—
B \V4 Detector-level Emission
O_Illlllllll|||||||||||||||||||||||||||||||||||||||
0O 05 1 1.5 2 25 3 35 4 45 5
In(R/AR)

Z = j1 momentum fraction of |

AR = angle between j1 and jo
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Correlations Part 1V: Isolate the Physics

/2 — —
u I
= s ATLAS Simulation
‘ B Pythia 8 Lund Plane Event Display
C -
. 5|
J1 45
J i e
ol
i A Particle-level Emission
11—
B \V4 Detector-level Emission
O_Illlllllll|||||||||||||||||||||||||||II|IIII|||||
0 0.5 1 1.5 2 25 3 35 4 45 5

In(R/AR)

Z = j1 momentum fraction of |

AR = angle between j1 and jo
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Correlations Part 1V: Isolate the Physics

<
— = 6 ATLAS Simulation
B Pythia 8 Lund Plane Event Display
1 B
J 13 .
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4_
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ol
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11—
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Z = j1 momentum fraction of |

AR = angle between j1 and jo



Phys. Rev. Lett. 124, 222002 (2020

Correlations Part 1V: Isolate the Physics

<
= s ATLAS Simulation
. B Pythia 8 Lund Plane Event Display
J1 B
d 5 X
\ —
J2 -
41—
J i e
ol
i A Particle-level Emission
11—
B \V4 Detector-level Emission
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0 0.5 1 1.5 2 25 3 35 4 45 5

In(R/AR)

Z = j1 momentum fraction of |

AR = angle between j1 and jo



Phys. Rev. Lett. 124, 222002 (2020

Correlations Part 1V: Isolate the Physics \

N F
N T s ATLAS Simulation
: B Pythia 8 Lund Plane Event Display
c -
< LA X
al—
3 i
ol
B A Particle-level Emission
10—
B \V4 Detector-level Emission
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0O 05 1 15 2 25 3 35 4 45 5
In(R/AR)

IN(R/AR)

Factorize physical processes!



Phys. Rev. Lett. 124, 222002 (2020

Correlations Part 1V: Isolate the Physics

N

)

First measurement
of the Lund jet plane!

core
T

Generic quark + gluon jets

emission
+

O ...powerful tool for
- isolating hadronization,
& parton shower effects,

and fixed-order effects

Z

—h
<
|

(1N ) PNoicgions / [ din(1/2) din(R/AR) )

Key experimental
challenge:

lllIlIIIIlIII

0 05 1 15 2 25 3 I%?R/KR) tracking inside dense

e EmeT= environments
AR = AR(emission, core)



Ratio to Data

Ratio to Data

Vs =13 TeV, 139 fb™
0.97 <In(1/z) <1.25

‘resummation”
region

. I.IIII§;II|III|III|III|III|III|III|III|III|I
e

. AL

ATLAS Preliminary [T@7] Data

IXEL

L
+

Pythia 8.230

Powheg + Pythia 8.230
Sherpa 2.2.5 (Cluster Had.)
Sherpa 2.2.5 (String Had.)
Herwig 7.1.3 (Dipole Shower)
Herwig 7.1.3 (Angular Shower)

+ .
NP-region

3 35 4 45 5
In(R/AR)

g vs. $3 parton shower

First measurement
of the Lund jet plane!

...powertul tool for
Isolating ,
parton shower effects,

and fixed-order effects

Key experimental
challenge:
tracking inside dense
environments



Correlations Part V: Tracks

Particle-level p

(1/0Cegqum)do/dp

ATLAS Simulation

Vs=13 TeV, 32.9 fb
Calorimeter-based, anti-k R = 0.8
Soft Drop, z = 0.1,p=0

Pythia 8.186

25 -4 35 -3 -25 -2 -15 -1 -05

Detector-level p

1.6~ ATLAS Simulation

C Vs=13TeV, 329 b

:_ Calorimeter-based, anti-k R=0.8
— Soft Drop, z = 0.1,p=0

Calo

==3-= All particles

14
—|— Calorimeter-based

1.2

T pa>300 GeV
| T

—

0.8

0.6

;

0.4

.......

0.2

45 4 -3.5 -3 -25 -2 -15 -1

'O_Iolll

Pr(particle-level | detector-level)

ATLAS Simulation
Vs=13 TeV, 32.9 fb™
Track-based, anti-k, R = 0.8
Soft Drop, z =01,8=0
Pythia 8.186

Particle-level p

Pr(particle-level | detector-level)
PRD 101 (2020) 052007

25 -4 35 -3 -25 -2 -15 -1 -05

Detector-level p

oy pT

0.4

Q@ BT LT LT T T T

o] - ATLAS Simulation 7

3 - Vs=13 TeV, 32.9 fo’' --i-- Charged particles - :

° 1.4: Tiack-baZed, anti-k, R=0.8 —}— Track-based ] p IS (|Og)

Ag 1 of-SoftDrop,z_ =0.1,$=0 ] .

e C Pythia8 N

1\? 1_—p%l:dfsooeev TraCkS — Jet maSS
.1 normalized
0.6/ I_,—'_ -

0.2 "

45 -4 35 -3 25 -2 -5 -1 -0.5




Correlations Part V: Tracks

ATLAS Simulation ATLAS Simulation
{s=13 TeV, 32.9 fb™ {s= 13 TeV, 32.9 fb™
Calorimeter-based, anti-k, R =0.8 Track-based, anti-k, R = 0.8
Soft Drop.z =0.1.8=0 Soft Dron.z =0.1.8=0

It Is not just about resolution - we have
rigorous per-track uncertainties, also
taking into account density effects.

Eur. Phys. J. C 77 (2017) 673

£ 40000 T I T | | | IRRR
(&) L o° _
© - . ]
= 35000 . . =
- ATLAS .
30000F . E
- \s=13TeV, 3.2 b

25000 jet =

= 200 GeV < p* < 400 GeV
...what about on the 20000F- | i E
. - « Single-Track Template ]
theory Slde? 15000; ° .. m Multiple—TraCk Template _f
10000;— . .__.--.. —;

5000k . ",

0 05 1 15 2 25 3 35 4
dE/dx [MeV g ' cm?]

“45 4 35 3 25 -2 15 -1 05 45 -4 35 3 25 -2 -15 -1 05

PRD 101 (2020) 052007

'S
ed



Correlations Part VI: Machine Learning

Impressive improvements in PSMC. How do we
know the best observables to probe new effects?

<
<

<
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A\
O <

Y
> <

L es Houches, 2003.01700




Correlations Part VI: Machine Learning

Impressive improvements in PSMC. How do we
know the best observables to probe new effects?

1.0 1.0

Answer: s
0.8 4 0.8 4
N use ML! - ~
S S O
I 3 ‘
O O o
E 0.6 - E 0.6 8
) )
> > N
- - N
O 0.4 - D 04 D
L0 g S5
@)
024 DIRE 2.003 024 DIRE 2.003 T
— Particle flow network — Particle flow network \ )
— Multiplicity — JHEP 01 (2019) 121 —— Multiplicity ~JHEP 01 (2019) 121 EIJ
0.0 T T T T 0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Efficiency of triple collinear Efficiency of double soft

Maybe not observable?  Should be observable?



Correlations Future

We are moving towards
highly differential
measurements (also
powered by ML!) that
will allow us to iImprove
precision and probe
QCD in new ways.

Key challenge: multi-
dimensional unfolding!



Correlations Future

Detector . Particle
Level Level

dN/dx
dN/dx

Tailored
Observables

‘ Full phase-space

! unfolding
l Traditional

Approach

Target
observable
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Correlations Future

. kr,R=1.0
We are moving towards < ™
highly differential fg ———
measurements (also g | e
powered by ML!) that & ey

will allow us to improve ~ | .
. . 2= &
preC|S|On and prObe = * Inherent Oscillations g
QCD |n neW WayS _2_ <+ Bremsstrahlung c%
10 2_‘ 1Da’cc?b(l\l’ﬂ:)lllll #—ﬁl-é

Q? > 150 GeV?
02 <y<0.7

pr > 10 GeV

1072

1071

*/Q

(8-dimensional measurement of
lepton-jet correlations in ep)

Stay tuned !

H1 Collaboration, PRL (2022), 2108.12376
A. Andreassen et al., PRL 124 (2020) 182001, 1911.09107



What is jet substructure good for?

Fundamental parameters of the SM

BSM searches using small deviations from SM

Quantum properties of inherently exciting emergent pheno
Develop / tune Parton Shower Monte Carlo (to aid other
searches / measurements)

AN QWM =

A probe of fundamental
and emergent properties of
the strong force




ABSTRACT: Even though jet substructure was not an original design consideration for

the Large Hadron Collider (LHC) experiments, it has emerged as an essential tool for the
current physics program. We examine the role of jet substructure on the motivation for and
design of future energy frontier colliders. In particular, we discuss the need for a vibrant
theory and experimental research and development program to extend jet substructure
physics into the new regimes probed by future colliders. Jet substructure has organically
evolved with a close connection between theorists and experimentalists and has catalyzed
exciting innovations in both communities. We expect such developments will play an
important role in the future energy frontier physics program.

- jet substructure Snowmass white paper (2203.07462)







Extra nugget 1: Jet Charge
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with their charge!
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Allows us to look
inside the proton “by
eye’ - more up
quarks at high x!
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Jet Charge Beyond PDFs

What happens when we ‘remove’ the PDF?
Does the jet charge for jets of a particular type depend on pr?

(Qg)=11+0(as)| >, Qhﬁg(,@ E x R) (scale violation)

h = hadron \
Moment of a

Prediction;

c < Oand dc/dk < O
u and d quark, anti—ky, R=0.5 non-perturpbative...but we know

1.00 s I L L L L L BRI ' '
— 0950 1
Sl :
S 0.90F . C~a : — & p D —
§ E .. * \\\L\\ . . <Q/<; de <QK}> o T qq(li) - C(Ii)
= 0850 -8 _ -
o e IR -
2 0800 == x=1 T = f

NEEEEE K=2 P -
07500~ ~"200 300 200 500 600 Moment of a
E [GeV]
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Jet charge per flavor: extraction

forward forward forward forward forward down
<Qi ) = \f anti-up, 1) Q + (/. downi anti—down,i)Qi

central central central central central down
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=N
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Jet charge per flavor:

ot dependence

Question: accounting
for PDFs, does |et

charge depend on pr?
Data and theory agree:
Yes!
t stat
ILDL [z @® SySt
i +® JePDF

— QCD (Leading Power)
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See 1709.04464 for image refs.

Extra nugget 2: how to represent a jet? 57
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See 1709.04464 for image refs.

How to represent our data”?

Images

.Il.
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Collider data as an
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Collider data as an image

Convolutional
Layer

Pooling

Full Event
Information

Padding Layer

RTL
‘..;;:\‘f“

Higgs Jet Convolutional  Pooling  Dense
Information Layer

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

1807.10768



See 1709.04464 for image refs.

How to represent our data”? 64
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See 1709.04464 for image refs.

How to represent our data”? 65

N

Sequences




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. 52
category @ > Fully Connected
+
/ \ SoftMax
S AN R E] R é Possible with
SO TEEEE 2| RNNs!

| ]
T
\ ordered by |Sdo| / Jet

ATL-PHYS-PUB-2017-003



See 1709.04464 for image refs.

How to represent our data”? 69

. N
Fixed Q&‘
sets K

Variable

sets fl'_".n_

5

o R



See 1709.04464 for image refs.

How to represent our data”?

Variable
sets



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 @K

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, .. coxy ) =F ( Z (I)(xl-)>
i=1

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

1703.06114, 1810.05165



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

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

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

Energy/Particle Flow Network




Solution 1: Deep sets / Particle flow Networks W&,

90 {475 Can readily incorporate
0.58 - per-particle features
0.86 - Can be made infrared and
o ausk v cronses | collinear safe (EFN) safe
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Solution 1: Deep sets / Particle flow Networks| @&

R better - Energy Flow Network Latent Space (€= 256)
|
0.88 - = b , \‘ :
l © .
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2 :
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B e

Latent space in IRC safe case is interpretable (and predictable!)



Solution 1: Deep sets / Particle flow Networks! k&
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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

X. X
Ji J
D » X o @ . ~ X @ _e. eijiz @)
4 \ / Ji3 K /
—_— .
i >
x @ X <O &, e X, ] ‘
Jiq il Jiq 5 1
® ® ®
X X

Need to define distances using particle properties

1801.07829 , 1902.08570



Solution 2: Graph methods

>
% = CMS
[ | Simulation Preliminary
% 4| Top quark vs. QCD multijet 3
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Bonus: equivariance (=covariance)

I've already mentioned permutation invariance
as a symmetry that point cloud models respect.

What about other symmetries”? What it we want
the model to not be invariant but covariant? — =o#=®



Bonus: equivariance (=covariance)

Resolution

I've already mentioned permutation invariance
as a symmetry that point cloud models respect.

What about other symmetries”? What it we want
the model to not be invariant but covariant? — =o#=®

2203.05687
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