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Physics Program of Jet Substructure

(1) (Beyond the) Standard model parameters

s (including running), miop, EFTs, Higgs self coupling, ...

(2) Unique tests of fundamental physics, including unique probes
of high energy / collective behavior of the strong force.

interference & entanglement, dead cone, ...

(3) Direct searches for new particles
Final states with boosted bosons, top quarks, ...

(4) General-purpose Monte Carlo generator development and tuning

higher-order corrections, empower other measurements / searches, ...



Physics Program of Jet Substructure

Today, I'll give an example from each of these
bullet points and then talk a bit about new
tools that will help bring us into the future.



(1) Towards SM parameters

Grooming makes pp jets “look like” ete jets.

Particular grooming algorithms (soft M. Dasgupta, A. Fregoso,
drop / modified mass drop) have JHEP 09 (2013) 029
desirable properties to make the A Larkos, S Marzan .

above statement quantitative. 1405 (2014) 146

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
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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—
' T
f 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
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Traverse the clustering :
tree backwards j T —

}

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

Soft Drop Groomed Mass
Soft Drop, z¢,t = 0.1, 6 =0

03F 13TeV,pp —» Z+],p1y > 500 GeV,R =0.8
i ". o‘ ‘,\ /‘ y“ -
- Non- Fixed
L ; : Resum
0o Pertukbative -order
0.1 _ -=== Herwig++ (no had+ue)
P e Herwig++ (had-+ue)
: - NNLL matched
oo/ 000000\ __
107> 1074 0.001 0.010 0.100

(groomed mass / jet pr)?

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
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Groomed jet mass for s

652) do o C; OéSCZ'é

: 2
37 A ———[log(zeut) — Byl exp [i-——log(zeur) — Bi] log(e}”)
O de T :
2
04 ‘
 Soft Drop Groomed Mass
_ Soft Drop, z¢,t = 0.1, =0
03} 13TeV,pp — Z+j,pry > 500 GeV,R =0.8 -

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

0.1 |
Slope is ~proportional to «s!

oo——o...

107> 1074 0.001 0010 0.100 1

(groomed mass / jet pr)?


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
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

Measurement of the groomed jet mass

Phys. Rev. D 101 (2020) 052007
Phys. Rev. Lett. 121 (2018) 092001
(see also JHEP 11 (2018) 113 from CMS)

Per-particle

=¥ L L B LS

: : 1.4— ATLAS ~ =

calibration = - \ §

S 2 s= 13 TeV, 32.9 fb” AR\ Data E

S "L Calorimeter-based, anti-k R =0.8 %® NLL+NP —

Charged-only —~ 1E— Soft Drop, z t_()1 [3_1 < NLO+NLL+NP -

& all-particles 2 - p*>600 GeV ¢ LO+NNLL ]

(ShOWI’]) v 0.8 Nonperturbatlve B Perturbative - —]

— 0.6 - NN —

Separate for ) 45 ol N‘w | A\ ’ -

A MU NN —

forward/central = 0 § ) -

0.2— wwa —

to expose g/g - m

M\*\TW. -+

F tatlon _% , 5§ A |\) | | | | | | % -

ragmen 8 155 =

modeling e 051:— S as .
dominates .'CHQU - g L1 1 | L1 1 1 | L1 1 1 | L1 1 1 | L1 1 1 | L1 1 1 | L1 1 1 | L1 1 1

oC

45 -4 35 3 25 =2 15 -1 -05
p = log [(groomed mass / jet pT)?]

uncertainty



The path to s

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

- Sensitivity to g/g fractions
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mEN
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N.B. thrust and lattice disagree at ~30; even

= EXperimental preCiSiOn a 10% measurement would be interesting
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https://arxiv.org/pdf/1812.11160.pdf
https://arxiv.org/pdf/1812.11160.pdf
https://arxiv.org/pdf/1812.11160.pdf
https://arxiv.org/pdf/1812.11160.pdf
https://indico.physics.lbl.gov/indico/event/694/contributions/3345/attachments/1850/2282/Adi-scet.pdf
https://indico.physics.lbl.gov/indico/event/694/contributions/3345/attachments/1850/2282/Adi-scet.pdf

More from &s: BSM from the running

©
-

New fermion limits using NLOJet++ & ATLAS data
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O . L L L | O
0 500 1000
m, [GeV]

3 Precision
82 measurements can
d%’ also allow us to
¥ look for subtle
© deviations and are
complementary to
direct searches

N.B. not based on soft drop mass, but transverse energy enerqgy correlation functions



More from &s: BSM from the running

New fermion limits using NLOJet++ & ATLAS data
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N.B. not based on soft drop mass, but transverse energy enerqgy correlation functions



(2) Probe of fundamental physics

Theme: Use correlations between jets as
a way to expose guantum properties



(2) Probe of fundamental physics

Theme: Use correlations between jets as

a way to expose guantum properties
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

M=v-vi  gource of singlet — jets.




(2) Probe of fundamental physics

Theme: Use correlations between jets as
a way to expose guantum properties
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

T

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.




(2) Probe of fundamental physics

Theme: Use correlations between jets as
a way to expose guantum properties
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 _;

0.95 - . o

Theory predictions are
Cha”engmg, bu’[ |n ég 1.05 .__*_* .............................. D ......................... S ——
g 15 _ =

development &)5 0.95 oo “ ** ...... ]
o"'0'1"'0'2"'0'3"0'4"0'5"0'6"0'7"0'8"0'9”'1

(see A. Larkoski, S. Marzani, C. Charged particle 0p (j¥, j¥) [rad]/

Wu, PRD 99 (2019) 091502)




(2) Probe of fundamental physics

Theme: Use correlations between jets as
a way to expose guantum properties

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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Theme: Use correlations between jets as
Example 2: g — bb
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Theme: Use correlations between jets as

a way to expose guantum properties

:g— bb

Example 2
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(2) Probe of fundamental physics

Theme: Use correlations between jets as
a way to expose guantum properties

Example 2: g — bb

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

Gluons seems “more
polarized” in data than |

our predictions. Slight
improvement from matri
element corrections

(Sherpa 2 — 3).

2016 Data
Total Uncertainty
Sherpa 2.1
Wy Pythia 8.230 (A14 + Var2+)
Pythia 8.230 (A14, no g pol.)

Phys. Rev. D 99, 052004 (2019)

MC/Data

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




Events / 5 GeV

(3) Direct Searches for BSM

2000

1500

1000

. ATLAS Prel

500 &

Data/ MC

iminary tt — u +jets, In <20
— Vs=13TeV, 80 fb" § 350 GeV < p_ =< 1000 GeV
— Trimmed R=1.0 55 Top selection
[ (LCW+JES+JMS) A

. ‘ —— Data
‘Hadronic g L
i B Single top
—tOp m aSS W-+jets

= Other

|

MC syst. error

Calorimeter Jet Mass [GeV]

Capturing boosted top quarks,
W/Z bosons, and Higgs bosons

IS NOW

very standard |

Events / 10 GeV

Data - Bkg

Data / MC

When a massive particle is
boosted, Its decay products can
be contained inside a single |et.

120

100

80

X

—_

o
w

Trimmed R=1.0

—e— Data
C W +jets
B Z +jets

Other

ATLAS Preliminary
Vs=13TeV, 80 fb"

| T T T T |
W/Z + jets — qQ + jets, lndetl <20
500 GeV < p, = 1200 GeV

(LCW+JES+JMS) Custom W-tagger

Hadronic W in

B

iInclusive multijets!

ATLAS-CONF-2020-022

Ly ]
|IIII'IIII| LIMIIL

Olllllllllll IIIIII|IIII|III | | I I | I I I | I I [ |

120 140 160
Calorimeter Jet Mass [GeV]



(4) Towards improving Monte Carlo

—~~
XN
A
~—
£

Important: isolate
effects with different
physical origin

Tool: Lund plane to
categorize all hard
splittings at once

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

ATLAS Simulation

Pythia 8 Lund Plane Event Display

A Particle-level Emission
\V4 Detector-level Emission
_I 1 11 | L1 11 | L1 11 | L1 11 | 1111 | L1 11 | 1111 | L1 11 | L1 11 | L1 11
0.5 1 1.5 2 25 3 35 4 45 5
In(R/AR)



Phys. Rev. Lett. 124, 222002 (2020

Categorizing all hard splittings at once

<
— = 6 ATLAS Simulation
j 1 B Pythia 8 Lund Plane Event Display
ST
al—
gl
ol
/2 : A Particle-level Emission
11—
B \V4 Detector-level Emission
O_Illlllllll|||||||||||||||||||||||||||||||||||||||

O 05 1 15 2 25 3

Z = j1 momentum fraction of |

AR = angle between j1 and jo

35 4 45 5
In(R/AR)



Phys. Rev. Lett. 124, 222002

Categorizing all hard splittings at once

<
— = 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



Phys. Rev. Lett. 124, 222002 (2020

Categorizing all hard splittings at once

/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|||||

O 05 1 15 2 25 3

Z = j1 momentum fraction of |

AR = angle between j1 and jo

35 4 45 5
In(R/AR)



Phys. Rev. Lett. 124, 222002 (2020

Categorizing all hard splittings at once

D

Z = j1 momentum fraction of |

AR = angle between j1 and jo

In(1/z)

s— ATLAS Simulation
B Pythia 8 Lund Plane Event Display
5 X
A
3 i
ol
B A Particle-level Emission
1_
B \V4 Detector-level Emission
O_|||||||||||||||||||||||||||||||||||||||||||||||||

O 05 1 15 2 25 3

35 4 45 5
In(R/AR)



Phys. Rev. Lett. 124, 222002 (2020

Categorizing all hard splittings at once

4n

Z = j1 momentum fraction of |

AR = angle between j1 and jo

In(1/z)

s— ATLAS Simulation
B Pythia 8 Lund Plane Event Display
5 X
A
3 i
ol
B A Particle-level Emission
1_
B \V4 Detector-level Emission
O_|||||||||||||||||||||||||||||||||||||||||||||||||

O 05 1 15 2 25 3

35 4 45 5
In(R/AR)



Phys. Rev. Lett. 124, 222002 (2020

Categorizing all hard splittings at once

In(1/z)

N 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
O_IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII
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

Categorizing all hard splittings at once

)

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



The Future: Machine Learning

In addition to new theoretical and experimental insights,
machine learning holds great potential for jet substructure

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

Pattern recognition <«—— Pattern recognition



The Future: Machine Learning

In addition to new theoretical and experimental insights,
machine learning holds great potential for jet substructure

Theory of everythinn Nature
= Parameter
. ast. ( * ) estimation /
simulation unfolding *
Physics simulators Experiment  ©Online
processing &
v v ) quality control
Detector-level observables Detector-level observables
' Vo)

Pattern recognition <«—— Pattern recogn Pata curation

e L calibration, clustering,
Classification to tracking, noise mitigation,

enhance sensitivity particle identification. ..



Hadronic Final States: A hyper challenge

Key challenge and opportunity:
& hyper spectral data

Image inspired by JHEP 02 (2009) 007

Not to scale!




Hadronic Final States: A hyper challenge

Key challenge and opportunity:
& hyper spectral data

We detect these
particles with
O(100 M)
readout channels




ML for Hadronic Final States

The rest of this talk will be about new ideas for ML for (1)
measurements and (2) searches in hadronic final states.
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For (1), | will use the example of unfolding.



ML for Hadronic Final States

The rest of this talk will be about new ideas for ML for (1)
measurements and (2) searches in hadronic final states.

For (1), | will use the example of unfolding.

For (2), | will use the example of anomaly detection.



l.e. remove detector distortions



(1) Unfolding (Deconvolution)

If you know p(meas. | true), could do maximum likelihood, i.e.

unfolded = argmax p(measured | true)

Want this |Measure this




(1) Unfolding (Deconvolution)

If you know p(meas. | true), could do maximum likelihood, i.e.

unfolded = argmax p(measured | true)
true

Challenge: measured is hyperspectral and true is
hypervariate ... p(meas. | true) is intractable !



(1) Unfolding (Deconvolution)

If you know p(meas. | true), could do maximum likelihood, i.e.

unfolded = argmax p(measured | true)
true

Challenge: measured is hyperspectral and true is
hypervariate ... p(meas. | true) is intractable !

However: we have simulators that we can
use to sample from p(meas. | true)

— Simulation-based (likelihood-free) inference



I'll brietly show you one solution to give you a
sense of the power of likelihood-free inference.



Reweighting

I'll brietly show you one solution to give you a
sense of the power of likelihood-free inference.

The solution will be built on reweighting

dataset 1: sampled from p(x)
dataset 2: sampled from q(x)

Create weights w(x) = g(x)/p(x) so that when dataset 1
IS weighted by w, it Is statistically identical to dataset 2.



Reweighting

I'll brietly show you one solution to give you a
sense of the power of likelihood-free inference.

The solution will be built on reweighting

dataset 1: sampled from p(x)
dataset 2: sampled from q(x)

Create weights w(x) = g(x)/p(x) so that when dataset 1
IS weighted by w, it Is statistically identical to dataset 2.

What if we don't (and can't easily) know g and p?



Classification for reweighting

Fact: Neutral networks learn to
approximate the likelihood ratio

Solution: train a neural network to
distinguish the two datasets!

This turns the problem of density estimation
(hard) into a problem of classification (easy)



Classification for reweighting

Particularly useful for particle physics, where collisions may
produce a variable # of particles which are interchangeable

Image: Linear Collider Detector Project



Example: electron-positron collisions

Learn a classifier on the full observable phase
space (momenta + particle tflavor) and then
check with some standard observables.

Our events have a variable number of particles & due to
guantum mechanics, are permutation invariant. Thus, we
use a deep-sets variant called particle flow networks.

PFNs: Komiske, Metod
Deep sets: Zaheer et a

iev, Thaler, JHEP 01 (2019) 121

, NIPS 2017



Example: electron-positron collisions

[

~ Just to stress: this gives you a |
- new simulation with all the 4-
vectors that is statistically
indistinguishable.



Classification for reweighting

Reweight the full phase space and then

check for various binned 1D observables.
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Unfolding by iterated reweighting
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Unfold by iterating: OmniFold
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Unfold by iterating: OmniFold
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Unfold by iterating: OmniFold
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Unfold by iterating: OmniFold

Measured Ideal ,
55
©
o QA
o2
. Data =35
< s
= ¢ &
& 2 \ c
O
K _I
T \ o o
| C“ (]L)“
CD i
O 2 <
LL Step 1: Step 2: D
H I H®)
Reweight Sim. to Dat Reweight Gen. ]
: (& elg 1im. to ata (&} elg t cn <% E
= <
O Y Sj e Pull Weights G :
5 imulation | ___3 eneration
5 s
N Push Weights




Unfold by iterating: OmniFold
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Normalized Cross Section
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feate O

OmniFold is:

- Unbinned

- Maximum likelihood

- Full phase space (compute observables post-facto)
- Improves the resolution from auxiliary features



(2) Model agnostic searches

One strategy is to learn directly from data
without training on a particular signal model.



(2) Model agnostic searches

One strategy is to learn directly from data
without training on a particular signal model.

However, the data do not have labels. How can
we train a classifier without labels??



Learning from unlabeled data 69

A

The 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)



Weak supervision:
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E. Metodiev, BPN, J. Thaler, JHEP 10 (2017) 51




I Weak supervision:
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Classifier

E. Metodiev, BPN, J. Thaler, JHEP 10 (2017) 51
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E. Metodiev, BPN, J. Thaler, JHEP 10 (2017) 51

Example: classify quarks versus gluon
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Anomaly detection

How can we use CWolLa to hunt for new particles?



CWolLa Hunting

*Image from The Courier Mail. Koala is actually being freed - | do not condone violence against these animals!



CWolLa Hunting

Phys. Rev. Lett. 121 (2018) 241803
J. Collins, K. Howe, BPN

dN/dMyes

background



CWolLa Hunting

Phys. Rev. Lett. 121 (2018) 241803
J. Collins, K. Howe, BPN

dN/dMyes

background




CWolLa Hunting

Phys. Rev. Lett. 121 (2018) 241803 _ Mined Sunpic 2  Mixed Sample 1

. ®e® |

J. Collins, K. Howe, BPN ®0®®0
06660 00066
06000 N 80066

dN/dmres

backgrounad




CWolLa Hunting

Phys. Rev. Lett. 121 (2018) 241803 _ Mined Sunpic 2  Mixed Sample 1

J. Collins, K. Howe, BPN

®0® |
@O0

seees so2se
006060 N ®OOO6

dN/dmres

backgrounad

Mres

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



Example: two-"jet” search

O —

\mres = mass of
WoO-jet system
|
W, -\
Yy — \ \\ \
| | l k2
/ jet 2

collisions in/out of page y = substructure of the two jets




Example: two-jet search

10° & ?é
= 10% | I8
S| E:
% 103 E
‘_1 L
~ 10° ¢
= |
© 100
£ i

109 &

2000 3000 4000
myJ [GeV/c?]



Example: two-jet search

sidebands
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Example: two-jet search
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Example: two-jet search
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Example: two-jet search
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Example: two-jet search
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Example: two-jet search
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Example: two-jet search
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Example: two-jet search
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Example: two-jet search
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Example: two-jet search
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Example: two-jet search
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...and when there is a signal?
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...and when there is a signal?
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...and when there is a signal?
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...and when there is a signal?
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.and when there is a signal?
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...and when there is a signal?
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...and when there is a signal?
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CWolLa hunting: overview

Phys. Rev. Lett. 121 (2018) 241803

J. Collins, K. Howe, BPN
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Collision data results New

ATLAS Collaboration, 2005.02983
Analysis Team: A. Cukeriman, BPN
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First round, keep it simple: feature space is 2D (jet masses)



Collision data results New
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Conclusions and outlook

Jet substructure offers a
rich physics program at
the LHC, and elsewhere

Deep learning has a great

potential to enhance,
accelerate, and
empower HEP analyses
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