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Particle Collider Events

High-energy collisions produce final state particles with

, , charge, flavor, and

K-long

proton

neutron

photon

electron

e.g.the ATLAS detector



Jets at the Large Hadron Collider

CMS hadronic £ event ATLAS high jet multiplicity events

Run: 279984
Event: 1079767163
2015-09-22 03:18:13 CEST

CMS Experiment at LHC, CERN

Data recorded: Sun Jul 12 07:25:11 2015 CEST
Run/Event: 251562 / 111132974

Lumi section: 122

Orbit/Crossing: 31722792 / 2253
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Jet substructure techniques enabled by fantastic detector resolution and reconstruction



Standard Model of Particle Physics

three generations of matter interactions / force carriers
(fermions) (bosons)
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Standard Model of Particle Physics — as Jets

Heavy particles that further decay
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Standard Model of Particle Physics — as Jets

Heavy particles that further decay
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Correcting for Detector Effects

* Detectors introduce (potentially correlated) smearing and biasing that must be corrected in any measurement

* Material interactions and detector geometry modeled with sophisticated (i.e. expensive) simulation software (e.g. GEANT4)

Forward folding simulates given truth-level events
and calculates detector-level quantities

Detector response varies according to jet mass and pT

[ATLAS-CONF-2020-022]
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Explicitly depends on specific detector geometry
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Average Jet Mass Response

Unfolding estimates truth-level quantities given experimental

data and information about detector response
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[ATLAS, PRL 2018]

Comparison to precision theory possible in detector-independent manner
Measurement can be used by anyone, no need for detailed experimental information


https://doi.org/10.1103/PhysRevLett.121.092001
http://cds.cern.ch/record/2724442

Unfolding Setup

Measurements are affected by detector effects of finite resolution and limited acceptance
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Unfolding Setup

Measurements are affected by detector effects of finite resolution and limited acceptance

Detector-level Particle-level

Y

ATLAS, CMS

GEANT, DELPHES PYTHIA, HERWIG, SHERPA

Simulation Generation
DY
/)/\\' Z

Synthetic

Learn detector response from irustable simulation

Truth-level measurements can be compared across experiments and to theoretical calculations

(Goal of unfolding i generative partice eve data
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Challenges with Traditional Unfolding

Previous methods are inherently binned

Binning fixed ahead of time, cannot be changed later
Performance of method sensitive to binning

Limited number of observables

Binning induces curse of dimensionality

Response matrix depends on auxiliary features

Detector-level quantity may not capture full detector effect
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Challenges with Traditional Unfolding

Previous methods are inherently binned

Binning fixed ahead of time, cannot be changed later
Performance of method sensitive to binning

Limited number of observables

Binning induces curse of dimensionality

Response matrix depends on auxiliary features

Detector-level quantity may not capture full detector effect

Example — Two jets acquiring the same mass in different ways

Jet 1 Jet 2
Two hard prongs Hard core, diffuse spray
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Example with IBU

ATLAS State-of-the-art Lund Plane Measurement

)

core
+
=

emission

(p

emission /

[PRL 2020]
ATLAS Preliminary Vs = 13 TeV, 139 fb
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In(R/AR)

‘ 1 1 1 1 ] ] ] ] ‘ 1 1 1 1 ] ] ]
107 107
AR = AR(emission, core)

21 x 15 bins in In(1/7) x In(R/AR)

— Must redo unfolding for other binnings e.g.
finer/coarser, k; (diagonal) binning, etc.

Limited to two observables

— 212 x 152 elements in response matrix R
— Going differential in n bins of p would
multiply size of R by n”
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Patrick Komiske — The Hidden Geometry of Particle Collisions

Traditional Unfolding



Iterated Bayesian Unfolding (IBU)

[Richardson, |JOSA 1972; Lucy,A] 1974; D’Agostini, NIMPA [995]

Maximum likelihood, histogram-based unfolding method for a small number of observables

| Choose observable(s) and binning at detector-level and particle-level

measured distribution: 772, = Pr(measure 72)  true distribution: t§0) = Pr(truth is j)

| Calculate response matrix R; from generated/simulated pairs of events

Rij — Pr(measure 7 ‘ truth is ]) R is in general non-square and non-invertible

i Calculate new particle-level distribution using Bayes’ theorem

Ri .t(.n—l)
tg,”) — ZPr(truthn_l is 7 | measure i) X Pr(measure i) = Z — (n—1)
- 2 Rkl

X 1

1 Iterate procedure to remove dependence on prior (typically 2-5 times, to limit high-frequency modes)
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http://dx.doi.org/10.1086/111605
https://doi.org/10.1016/0168-9002(95)00274-X

Demonstration of IBU

| Choose observable(s) and binning at detector-level and particle-level

measured distribution: 1, = Pr(measure 7)

) o
true distribution: #°* = Pr(truth is ;)

| Calculate response matrix R;; from generated/simulated pairs of events

R;; = Pr(measure ¢ | truth is j)

t Calculate new particle-level distribution using Bayes’ theorem

t§n) ZPI (truth,,_1 is j | measure i) x Pr(measure )

t(n 1)

_szw j (n— 1)

zkt

' Iterate procedure to remove dependence on prior
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Consider a situation with two particle-level bins and two detector-level bins
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Bin | reconstructed perfectly
Bin 2 reconstructed equally

13



Demonstration of IBU

| Choose observable(s) and binning at detector-level and particle-level

measured distribution: 1, = Pr(measure 7)

) o
true distribution: #°* = Pr(truth is ;)

| Calculate response matrix R;; from generated/simulated pairs of events

R;; = Pr(measure ¢ | truth is j)

t Calculate new particle-level distribution using Bayes’ theorem

t§n) = ZPI (truth,,_1 is j | measure i) x Pr(measure )

? sz t§n 1)

k

' Iterate procedure to remove dependence on prior

Patrick Komiske — Simultaneous Unfolding with Deep Learning

Consider a situation with two particle-level bins and two detector-level bins
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Consider a situation with two particle-level bins and two detector-level bins
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Demonstration of IBU

| Choose observable(s) and binning at detector-level and particle-level

measured distribution: 1, = Pr(measure 7)

) o
true distribution: #°* = Pr(truth is ;)

| Calculate response matrix R;; from generated/simulated pairs of events

R;; = Pr(measure ¢ | truth is j)

t Calculate new particle-level distribution using Bayes’ theorem

t§n) = ZPI (truth,,_1 is j | measure i) x Pr(measure )

? R@j t§n 1)

RS

' Iterate procedure to remove dependence on prior

Ryt D X M
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Consider a situation with two particle-level bins and two detector-level bins
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IBU as Reweighting
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Consider a situation with two particle-level bins and two detector-level bins
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= 3 e 2 = | (9)
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IBU as Reweighting

prior
172 1/2
Bin | Bin 2
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Consider a situation with two particle-level bins and two detector-level bins
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IBU as Reweighting

prior response |
3/4
172 1/2
| /4 —> |/2
detector -_

Bin | Bin?2 Bin|l Bin?2
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IBU as Reweighting

prior response |
3/4
|/2 /2
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detector -_
Bin|l Bin?2 Bin|l Bin?2
but | actually
detected ...
/2 /2
Bin | Bin2
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IBU as Reweighting

prior response |
3/4
112 1/2
|/4 —> 1/2
detector -_
Bin| Bin?2 Bin | Bin 2
reweight bins to match but | actually
detected ...
< 2 %) 12 12
Bin | Bin 2
Bin |  Bin 2
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Consider a situation with two particle-level bins and two detector-level bins
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IBU as Reweighting
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Consider a situation with two particle-level bins and two detector-level bins

10 =
J

D= )=
l

J l

Uniform prior Bins are measured equally

1

=
1

i

0

i

Bin | reconstructed perfectly
Bin 2 reconstructed equally

(1 1
- - 1 4 1
2 4 —X=X=+40
1 2 3 2 1
0 - 1 ‘ . , L
A1) — Z 4 |2 = 1/3 _ |3
j (2 1) I I ERVEIVS AR ROURoR N B
i 4 4) > | > X 3 X T3 X 4 X 1 ; j
After one iteration 176 172
Correct truth distribution
(1 n_ ) obtained as 1 =
n+l1 2n+1)
0 n 1 1
2n+1) ) —
t(n> — Z \ /ij % 2 _ n+2 . 0
J n+2 n l n+ 1 1 .
l 2n+1)  2n+1) /. 9l n+2 J

l

At the nth jteration

| 4



IBU as Reweighting

prior response |
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112 1/2
|/4 —> 1/2
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Bin| Bin?2 Bin | Bin 2
reweight bins to match but | actually
detected ...
< 2 %) 12 12
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pull reweighting back new estimate of truth

to truth level
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Consider a situation with two particle-level bins and two detector-level bins
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OmniFold Algorithm — Schematic («Q

[Andreassen, PTK, Metodiev, Nachman, Thaler, PRL 2020]

Detector-level Particle-level
OmniFold weights particle-level Gen to be consistent crectof-eve articie-leve

with Data once passed through the detector
Data %

Simulation (GGeneration

Natural

Synthetic
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OmniFold Algorithm — Schematic («Q

[Andreassen, PTK, Metodiev, Nachman, Thaler, PRL 2020]

Detector-level Particle-level
OmniFold weights particle-level Gen to be consistent crectof-eve articie-leve

with Data once passed through the detector
Data
Step 1
— Reweights Sim..1 to data

— Pulls weights back to particle-level Gen,.-

Natural

Step 1:

Incorporates the response matrix

Data
Un—1 7 Wn

Pull Weights

Simulation | —— | Generation

Synthetic
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OmniFold Algorithm — Schematic («Q

[Andreassen, PTK, Metodiev, Nachman, Thaler, PRL 2020]

Detector-level Particle-level
OmniFold weights particle-level Gen to be consistent crectof-eve articie-leve

with Data once passed through the detector
Data
Step 1
— Reweights Sim..1 to data

— Pulls weights back to particle-level Gen,.-

Natural

Incorporates the response matrix Step 1: Step 2:
Vn—1 %Data Wn, Vn—1 an VUn

Pull Weights

Simulation | —— | Generation

Push

Step 2

— Reweights Gen,.1 to (step 1)-weighted genh.1
— Pushes weights to detector-level Sim;

Synthetic

Constructs valid particle-level function by
averaging gen-level weights

Patrick Komiske — Simultaneous Unfolding with Deep Learning
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Unfolding via Likelihood Reweighting

Likelihood ratio is optimal binary classifier by Neyman-Pearson lemma

L — likelihood ratio
P(w,X) (2) w — weights
P(w’, X7 () X — phase space

x — element of X

p — probability density

L[(wv X)7 (wlv X’)](IE) —

Patrick Komiske — Simultaneous Unfolding with Deep Learning
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Unfolding via Likelihood Reweighting

Likelihood ratio is optimal binary classifier by Neyman-Pearson lemma

L — likelihood ratio
I | ) — w — weights
[ (@) () X — phase space
x — element of X
p — probability density

Model output of a well-trained classifier accesses likelihood ratio

Model[(w, X), (w’, X")](x) ~ - —lli[l(;f(yquA));gw(/?;’X;)(]’(ﬁ()ZE) Assuming softmax output

[Cranmer, Pavez, Louppe, 1506.02169; Andreassen, Nachman, PRD 2020]

Patrick Komiske — Simultaneous Unfolding with Deep Learning
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Unfolding via Likelihood Reweighting

Likelihood ratio is optimal binary classifier by Neyman-Pearson lemma

L — likelihood ratio
L] |(2) = (2) w — weights
() X — phase space
x — element of X
p — probability density

of a well-trained classifier accesses likelihood ratio

(. X), (0. X)](@)
A 7 (T SR T ) [

[Cranmer, Pavez, Louppe, 1506.02169; Andreassen, Nachman, PRD 2020]

Assuming softmax output

OmniFold repeatedly reweights one weighted sample (A) to another (B)

o (e) = (o) x Modell(ws. B). (wa, A)(@)
4 4 1 — Model[(wg, B), (wa, A)|(z)

A’ is statistically indistinguishable from B

Likelihood reweighting benefits from architectural improvements

Patrick Komiske — Simultaneous Unfolding with Deep Learning
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https://arxiv.org/abs/1907.08209

OmniFold Algorithm — Equations (4Q

Inputs Detector-level Particle-level

[Andreassen, PTK, Metodiev, Nachman, Thaler, PRL 2020]

(t,m) — pairs of Gen and Sim events

v,(n — initial particle-level weights for Gen Data
— Data
Results of Steps 1 and 2 )\i\
v, (1) — particle-level weights for Gen, nth iteration
w,(m) — detector-level weights for Sim, nth iteration

Natural

Step 1: Step 2:
Reweight Sim. to Data Reweight Gen.
Pulling/Pushing Weights , | Data b
a),'f“”(t) = w,(m) — pulling », back to particle-level Pull Weights

Simulation —_— Generation

Push Weights

UG =1 (1) — pushing 4, to detector-level

Synthetic
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OmniFold Algorithm — Equations (4Q

Inputs Detector-level Particle-level

[Andreassen, PTK, Metodiev, Nachman, Thaler, PRL 2020]

(t,m) — pairs of Gen and Sim events

v,(n — initial particle-level weights for Gen Data
— Data
Results of Steps 1 and 2 )\i\
v, (1) — particle-level weights for Gen, nth iteration
w,(m) — detector-level weights for Sim, nth iteration

Natural

Step 1: Step 2:
Reweight Sim. to Data Reweight Gen.
Pulling/Pushing Weights , | Data b
a),'f“”(t) = w,(m) — pulling », back to particle-level Pull Weights

Simulation —_— Generation

Push Weights

UG =1 (1) — pushing 4, to detector-level

Synthetic

| OmniFold “
 Step 1~ wn(m) = 1" x L[(1, Data), ("', Sim)](m)

n—1 n—1"

Step 2— vy (t) = vp_1(t) x L[(wP™, Gen), (vn_1, Gen)](t)

Unfold any* observable .. () using universal weights ., (1)

pl(ﬁl)folded(t) = Up(t) X PGen(t)

*Observables should be chosen responsibly
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OmniFold Algorithm — Equations (4Q

Inputs

(t,m) — pairs of Gen and Sim events
v,(1) — initial particle-level weights for Gen
— Data

Results of Steps 1 and 2

v, (1) — particle-level weights for Gen, nth iteration
w,(m) — detector-level weights for Sim, nth iteration

Pulling/Pushing Weights

0P = w,(m) — pulling », back to particle-level
LU0 =4 (1) — pushing o, to detector-level

| OmniFold “
 Step 1~ wn(m) = 1" x L[(1, Data), ("', Sim)](m)

n—1 n—1"

 Step 2= v (1) = v 1(0) X LA™, Gen), (v -1, Gen](1)

Unfold any* observable .. () using universal weights ., (1)

p1(17:1>folded(t) = Up(t) X PGen(t)

Patrick Komiske — Simultaneous Unfolding with Deep Learning

*Observables should be chosen responsibly

[Andreassen, PTK, Metodiev, Nachman, Thaler, PRL 2020]

Detector-level Particle-level

— C)ata

S

$={

- \ A

S

Z
Step 1: Step 2:
Reweight Sim. to Data Reweight Gen.
Un_1 HData Wn Un—1 % Un

9 : : Pull Weights :

o i

s Simulation —_— Generation

= s

@ p) Push Weights

OmniFold is continuous IBU!

After first iteration, with (1) = 1:

1 (t)p(}en(t) — /dmpGen|Sim(t’m) pData(m)
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IBU as Reweighting

prior response |
3/4
112 1/2
|/4 —> 1/2
detector -_
Bin| Bin?2 Bin | Bin 2
reweight bins to match but | actually
detected ...
< 2 %) 12 12
Bin | Bin 2
Bin |  Bin 2

pull reweighting back new estimate of truth

to truth level
2/3

1/6

1/3

1/3 1/2

Bin| Bin?2 Bin | Bin2

Patrick Komiske — Simultaneous Unfolding with Deep Learning

Consider a situation with two particle-level bins and two detector-level bins

10 =
J

N — o~
S
|l

J

Uniform prior

A= &=

N~

1
6'(1)22 <\3 1>ij X i
2

l 441

After one iteration

( 1 n \
n+1 2n+1)
n
0 2m+1) )

bX

=Y

l <2(n+1) 2(n+1)>l.

At the nth jteration

4 1 1
X;X |2X4X4

1

=
1

i

0

i

Bins are measured equally  Bin | reconstructed perfectly

Bin 2 reconstructed equally

1 4 1
?XKXEJ+O

1/3
1

4

L L - j
1/6 1/2

Correct truth distribution
obtained as 7 — ©©

n+?2 <O)
_>
n+1 1/

n+2J]. J
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IBU as Reweighting

prior response |
3/4
172 1/2
|/4 —> 1/2
detector -_
Bin | Bin 2 Bin | Bin 2
Step |
reweight bins to match but | actually
detected ...
< 2 %) 12 112
Bin | Bin 2
Bin | Bin 2

pull reweighting back new estimate of truth

to truth level
2/3

1/6

= I Step 2

Bin| Bin?2 Bin | Bin2

1/3
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Consider a situation with two particle-level bins and two detector-level bins

10 =
J

N — o~

J l

Uniform prior

Bins are measured equally

1
i

0

i

Bin | reconstructed perfectly
Bin 2 reconstructed equally

(1 1

11 1 4 1

2 4 —X=X=+0

0 1 { 27372 |
t(1)_z N4y o 21 1/3 |3
J (3 1) LN I RV v L I

! 44/, 2 ). 2X3X4'2X4X4 3j
1/6 1/2

After one iteration

( 1 n \
n+1 2n+1)

n
0 2m+1) )

l‘(n)zz \ Y%
j n+2 n

l <2(n+1) 2(n+1)>l.

1
2
1
2

l

At the nth jteration

Correct truth distribution
obtained as 7 — ©©

n+?2 <O)
_>
n+1 1/

n+2J]. J
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Constructing High-Dimensional Classifiers

Patrick Komiske — The Hidden Geometry of Particle Collisions
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How to represent jets to a machine learning architecture!?

An unordered, collection of particles

Due to quantum-mechanical indistinguishability

H H _ H H
J({pl,...,pM})—J({pw(l),...,pW(M)}), M>1, VmelSy
Multiplicity Permutations

H : :
P; represents all the particle properties:

* Four-momentum — (E, Dz, Py, Dz)}
* Other quantum numbers (e.g. particle id, charge)
* Experimental information (e.g. vertex info, quality criteria, tracking info)

Methods for processing point clouds/jets should respect the appropriate symmetries

Patrick Komiske — Simultaneous Unfolding with Deep Learning
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Machine Learning for Point Clouds — Deep Sets

A general permutation-symmetric function is additive in a latent space

Deep Sets

Manzil Zaheer'?, Satwik Kottur', Siamak Ravanbhakhsh’,
Barnabas Péczos', Ruslan Salakhutdinov', Alexander J Smola'-?
I Carnegie Mellon University 2 Amazon Web Services

Deep Sets Theorem [63]. Let X C RY be compact, X C 2% be the space of sets with bounded
cardinality of elements in X, and ¥ C R be a bounded interval. Consider a continuous
function f : X — Y that is invariant under permutations of its inputs, i.e. f(xy,...,xp) =
f(@r)s s Trary) for all x; € X and m € Spr. Then there exists a sufficiently large integer

¢ and continuous functions ® : X — R, F : RY — Y such that the following holds to an

arbitrarily good approximation:!

M

f{z1,..oom}) =F | Y ®(x;)

1=1

Patrick Komiske — Simultaneous Unfolding with Deep Learning

[1703.06114]
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Machine Learning for Point Clouds — Deep Sets

A general permutation-symmetric function is additive in a latent space

Deep Sets [1703.061 14]

Manzil Zaheer'?, Satwik Kottur', Siamak Ravanbhakhsh’,
Barnabas Péczos', Ruslan Salakhutdinov!, Alexander J Smola'-?

I Carnegie Mellon University 2 Amazon Web Services /\ Variable len gth

/ —>
Feature Space Deep Sets Theorem [63]. Let|X C RY be compact,| X C 2% be the space of sets|with bounded

cardinality of elements in X, and ¥ C R be a bounded interval. Consider a continuous
function f : X — Y that is invariant under permutations of its inputs, i.e. f(xy,...,xp) =

/‘* f(@r)s s Trary) for all x; € X and w € Syl Then there exists a sufficiently large integer
. 0 and continuous functions ® : X —|RY F :|RfY|— Y such that the following holds to an
Permutation

1
invariance

arbitrarily good approrimation: -~

Latent space

General parametrization for a function of sets

Patrick Komiske — Simultaneous Unfolding with Deep Learning
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Approximating ® and F with Neural Networks

[PTK, Metodiev, Thaler, JHEP 2019]

Legend

Employ neural networks as arbitrary function approximators

N

{ ( yQ AV {\\\\\‘:/I
= ST @2

4
'A‘!\A

Use fully-connected networks for simplicity

NN .:' v"\"‘{“‘&&’)‘«&
VIR YD s
iBetilec

N
Ve

v
Particles Observable \ PID o\\'/ \
e

Default sizes — ®: (100, 100, £), F: (100, 100, 100)

PEFN-ID
N
O

'\

Per—Particle Representation Event Representation 100 100

///A\\\‘\\'l: Wi
)

Latent Space

O

N

\"(VII O
A AR \
i e N

(
Y, 1)
XN V . V . . F
QPP
,,‘;:’é,f,':‘ig AT
1=1

Fg

//

/)
Q) N \‘»J’
7] XK WX
..’3‘?3"‘171"\")\11.}"‘3{\“’. N

'f & '
?‘ ”i\'/ "W\Q/‘V\\Q ‘:\\0
,.‘< 7‘ < ;'»;\V

W&ﬁﬁ’/‘.’v'n
N
EFN : Oa — Z Ziq)a(yia ¢Z)

NANNRN NS

N
y
®o 0 o

_,@_,

____________________________________________________

M
Energy/Particle Flow Network PEN: O, = Z q)a( 2 Uiy O [PIDz’D
1=1
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Quarlk vs. Gluon: Classification Performance

4.0

3.5
PFN-ID: Full particle flavor info

(}/a ﬂi, Kia KLapapa na ’/_la eia /’ti)

PFN-Ex: Experimentally accessible info
(}/, hi,(), €i,ll/li)

PFN-Ch: Particle charge info
(+ 709_)

PFN: No particle type info, arbitrary

Significance Improvement

A

better

Quark vs. Gluon Jets
PyTHIA 8.230, /s = 14 TeV
R = 0.4, pr € [500,550] GeV

energy dependence 1.0 - —— PFN-ID
—— PFN-Ex
0.5 —— PFN-Ch EFN
: IRC-safe latent space PEN —
0.0 L | | | |
0.0 0.2 0.4 0.6 0.8

Patrick Komiske — Simultaneous Unfolding with Deep Learning

Quark Jet Efficiency

Latent space dimension £ = 256

EFPs are comparable to EFN

1.0

Significance Improvement

4.0

3.9

Quark vs. Gluon Jets
PYTHIA 8.230, /s = 14 TeV
R = 0.4, pr € [500, 550] GeV

—— DNN — == Multiplicity
CNN -—- ngp
0.0 0.2 0.4 0.6 0.8 1.0

Quark Jet Efficiency

PFN-ID better than RNN-ID

24



Quark vs. Gluon: Latent Dimension Sweep

0.90 - B Particle type info helpful
PFN-ID: Full particle flavor info 0.8 - :\
(}/9 ﬂi, Kia KLapapa n9 ’/_la einui)
PFN-Ex: Experimentally accessible info 0.86 -
(}/, hi,(), ei,ﬂi)
PFN-Ch: Particle charge info S 0.84 - | Quark vs. Gluon Jets
(+,0,—) E’C 0.89 - | PyYTHIA 8.230, /s = 14 TeV IR C unsafe information
. . . ' R = 0.4, pr € [500,550] GeV | lv helpful
PFN: No particle type info, arbitrary ~ cieatly helptd
energy dependence 0-80 - —— PFN-ID
078 - —— PFN-Ex
: IRC-safe latent space —— PFN-Ch
0.76 - PEN Performance saturates as
074 - EFN dimension increases

Latent Dimension

Patrick Komiske — Simultaneous Unfolding with Deep Learning 25
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Testing OmniFold
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Ingredients for Z + Jet Case Study g, M

Z(— utu~) + Jet Events

“Data” — HERWIG 7.1.5

MC — PYTHIA 8.243, tune 26
| .6 million events each after cuts

Particles Observable

Per—Particle Representation Event Representation

|
| 1
: o o l
O — |
| Sle |
1 |
\ zpavauve
| pazvauves i
' ®e0® ol
: e ] |
| ] |
I
:
I
. . !
. . ! .
:
I
[ [
I
(I) | L
:
|
|
I

____________________________________________________

i Detector Simulation ‘,
CMS-like detector — DELPHES 3.4.2 fi

- Jets
| Anti-k,, R = 0.4 — FASTJET 3.3.2 |
pZ > 200 GeV, assume excellent muon}
detector resolution

Energy/Particle Flow Network

Particle Flow Network (PFN) architecture
processes full radiation pattern of the event

Datasets publicly available
—With two additional Pythia tunes @

—Accessible via EnergyFlow — PFN-Ex: (p;.y.¢,PID) input features

— @ : (100, 100,256) dense layers

— F: (100,100,100) dense layers

OmniFold Binder Demo (b - RelLU activations, softmax output
— Categorical cross-entropy loss

— 20% validation sample

- 10 epoch patience
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https://doi.org/10.5281/zenodo.3548091
https://energyflow.network/docs/datasets/#z-jets-with-delphes-simulation
https://mybinder.org/v2/gh/ericmetodiev/OmniFold/master?filepath=OmniFold%20Demo.ipynb

OmniFolding Jet Substructure Observables

0.06 |

Normalized Cross Section

0.00 F

1.15
1.0
0.85

Ratio to
Truth

Single OmniFold instantiation vs. repeated applications of IBU

0.05
0.04
0.03
0.02

0.01}

1 I 1 1 1 I
“Data”

1 “Truth”

—1
Sim. -—-  Gen. :
—e [BU M =—a (OmniFold 7

D/T: HERWIG 7.1.5 default
S/G: PYTHIA 8.243 tune 26
DELPHES 3.4.2 CMS Detector
Z+jet: pZ > 200 GeV, R=0.4]

~~~~~~~

~~~~~~
—

Jet Constituent Multiplicity M

IRC unsafe
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0.30

0.25

Normalized Cross Section

0.00
1.15 F

1.0
0.85 F

Ratio to
Truth

0.20
0.15 |
0.10

0.05 F

1 “Data”
L 1 “Truth”
: Sim.
Gen.

i IBU Inp
_ OmniFold

[ ]

D/T: HERWIG 7.1.5 default
S/G: PYTHIA 8.243 tune 26
DELPHES 3.4.2 CMS Detector
Z+jet: p% > 200 GeV, R = 0.4

/
/
/

Soft Drop Jet Mass In p

IRC safe

OmniFold equals or outperforms IBU

Five unfolding iterations in all cases

Statistical uncertainties on prior shown in ratio

Ratio to

Normalized Cross Section

Truth

30— L I L L
1 “Data” D/T: HERWIG 7.1.5 default ]
o 5 S/G: PYTHIA 8.243 tune 26 h

2570 ’.TrUth DELPHES 3.4.2 CMS Detector -
[ Sim. Z+jet: pZ > 200 GeV, R = 0.4 ]

20F ——- Gen. _'
[ e— IBU 74, "

1.5F w—a OmniFold

1.0F d
[ , S

0.5 F y

0.0 [Erree=f

1.15 ! 1

1.0 : Rl 1] el ieleiele —_—

0.85 F 'i'“.."'"""

=1 ] | ] ] ] | ] ] ] | ] ] ] | ] ] ] | ] ] ]
0.0 0.2 0.4 0.6 0.8 1.0 1.2

N-subjettiness Ratio 75

(B=1)

Sudakov safe

(See backup for more on soft drop)



Additional OmniFolded Distributions

Normalized Cross Section

Ratio to
Truth

0.03 |
0.02 |
0.01}

0.00

1.15

—
-

0.85

[ 1 “Data” “Truth” —
Sim. ---  Gen.
—o [BU m =—=a (OmniFold 7

D/T: HERWIG 7.1.5 default
S/G: PYTHIA 8.243 tune 26
DELPHES 3.4.2 CMS Detector A
Z+jet: pZ > 200 GeV, R = 0.4

_dﬁﬂ'r::l‘:-'-\.‘hih*ﬁ*.;. 2 g
1 - T :
E T ettt :
0 20 10 60

Jet Mass m [GeV]

Jet mass affected by
particle masses

( \ 2
2 _
mp=| 2, bt
\iEjet )
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Ratio to

Truth

Normalized Cross Section

100777
A 1 “Data” 1 “Truth”
I\ _
8- ! \ Sim. ---  Gen. 1
S —e [BU w =—=a (OmniFold -
I\
TR D/T: HERWIG 7.1.5 default
6F 1 \ S/G: PYTHIA 8.243 tune 26
I ,' DELPHES 3.4.2 CMS Detector
] B Z+jet: p% > 200 GeV, R = 0.4 |
4F | = .
o

—
—
_—
—~-_

1.15 |

1.0

0.85

00 01 02 03 04 05
Jet Width w
IRC-safe observables
easier to unfold
1
w = ZpTi\/(yi — yj)z + (¢, — ¢J)2

Ratio to

Normalized Cross Section

1.15 [

jet
A
ut
/"‘2\/\,<
q
-
L S B B R RN R I B L
[ 1 “Data” 1 “Truth”
: i
n Sim. -—--  @Gen.

=2 (OmniFold

D/T: HERWIG 7.1.5 default 7

A S/G: PYTHIA 8.243 tune 26 ]
- DELPHES 3.4.2 CMS Detector
Z+jet: p% > 200 GeV, R = 0.4 |

Truth
p—
o

0.85 E

0.1

o
O LI

0.2 0.3 0.4 0.5

Groomed Jet Momentum Fraction z,

Z, remarkably stable

g
under choice of method

zZ, = P fraction of first splitting to pass soft drop
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OmniFold Results by Event Representation %%

User is free to choose event representation in the OmniFold procedure

Observable

OMNIFOLD - full phase space information | Method w | Inp | m
OMNIFOLD 0.53
| MuLTIFOLD
. . UNIFOLD 0.59 | 1.11 :
MULTIFOLD — multiple observables 5O e R
‘ i Data 142 | 11.1 | 3.76
« Generation 19 20.8 | 3.84

UNIFOLD — single observable, essentially unbinned IBU | | L Nesubjrati |

groomed mass

Evaluate performance using
triangular discriminator

OMNIFOLD/MULTIFOLD outperforms IBU on all observables! A(p,q) = % / ) (i?((kk))qu((AA)))Q(xmg)

Single MULTIFOLD training ~ UNIFOLD is similar to or
based on all six observables outperforms IBU

Patrick Komiske — Simultaneous Unfolding with Deep Learning
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Unfolding Beyond Observables
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Optimal Transport in Particle Physics

Patrick Komiske — The Hidden Geometry of Particle Collisions
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When are Two Distributions Similar?

Optimal transport minimizes the “work"” (stuff x distance) required to transport supply to demand

Supply

Optimal transport cost

Demand

[Monge, 1781;Vaserstein, 1969; Peleg,VWWerman, Rom, IEEE [989;
Rubner, Tomasi, Guibas, ICCV 1998, IC]V 2000; Pele,Werman, ECCV 2008; Pele, Taskar, GSI 201 3]
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https://ieeexplore.ieee.org/document/192468
https://ieeexplore.ieee.org/document/710701
https://link.springer.com/article/10.1023/A:1026543900054
https://link.springer.com/chapter/10.1007/978-3-540-88690-7_37
https://link.springer.com/chapter/10.1007/978-3-642-40020-9_43

When are Two Events similar?

-
—

T Qe
o

@®.
o

Top Jet | Top Jet 2
R R
R/2 - o R/2 -
© Q. © < :
E 0 . o E 0 1 Ct
= = :
E z ‘o
3 3 1.
—R/2 - —R/2 - '
_R | | | _R | | I
~R ~R/2 0 R/2 R ~R ~R/2 0 R/2 R
Rapidity y Rapidity vy
M Provides a metric on normalized distributions in a space with a ground distance measure
N ) — : N 7. . = 2 2
E(n) o Z Ei 5(71 nz) L, symmetric, non-negative, triangle inequality, zero iff identical 9@7 \/Ayw ™ AQSZJ
i=1

[Peleg,VWerman, Rom, IEEE 1989; Rubner, Tomasi, Guibas, ICCV 1998, IC|V 2000; Pele,VWerman, ECCV 2008; Pele, Taskar, GSI 201 3]
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https://ieeexplore.ieee.org/document/710701
https://link.springer.com/article/10.1023/A:1026543900054
https://link.springer.com/chapter/10.1007/978-3-540-88690-7_37
https://link.springer.com/chapter/10.1007/978-3-642-40020-9_43

When are Two Events similar?

-
—

T Qe
o

@®.
o

Top Jet | Top Jet 2
R R
R/2 - o R/2 -
© Q. © < :
E 0 . o E 0 1 Ct
= = :
E z ‘o
3 3 1.
—R/2 - —R/2 - '
_R | | | _R | | I
~R ~R/2 0 R/2 R ~R ~R/2 0 R/2 R
Rapidity y Rapidity vy
M Provides a metric on normalized distributions in a space with a ground distance measure
N ) — : N 7. . = 2 2
S(n) o Z Ei 5(71 nz) L, symmetric, non-negative, triangle inequality, zero iff identical 9@7 \/Ayw ™ AQSZJ
i=1

[Peleg,VWerman, Rom, IEEE 1989; Rubner, Tomasi, Guibas, ICCV 1998, IC|V 2000; Pele,VWerman, ECCV 2008; Pele, Taskar, GSI 201 3]
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https://ieeexplore.ieee.org/document/710701
https://link.springer.com/article/10.1023/A:1026543900054
https://link.springer.com/chapter/10.1007/978-3-540-88690-7_37
https://link.springer.com/chapter/10.1007/978-3-642-40020-9_43

The Energy Mover’s Distance (EMD)

[PTK, Metodiev, Thaler, PRL 2019]

EMD between energy flows defines a metric on the space of events

&
EMD;,r(€,£) :{fSIZDO}LLf” <_> " ZE—EJ:E;

Cost of optimal transport Cost of energy creation E

’
L 4
L 4
L 4
L 4
L 4
L 4
L 4
4
L 4
’0
L 4

L
.
.
L 2
 J
L J
L J
.
.
.
L 2
L 3
 J
“
L ]

. zjjf@-j < E, zz:f” < F, %:fij = min (Z B, Z;EJ) 9%7

Capacity constraints to ensure proper transport

R: controls cost of transporting energy vs. destroying/creating it Triangle inequality satisfied for R > diax/2
f: angular weighting exponent 0 <EMD(&,E") < EMD(E,E") + EMD(E”,E)

i.e. R > jet radius for conical jets
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https://doi.org/10.1103/PhysRevLett.123.041801

Visualizing Geometry in the Space of Events

t-Distributed Stochastic Neighbor Embedding (t-SNE)
MNIST handwritten digits
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[L. van der Maaten, G. Hinton, JMLR 2008 ]
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Visualizing Geometry in the Space of Events

t-Distributed Stochastic Neighbor Embedding (t-SNE)
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[L. van der Maaten, G. Hinton, JMLR 2008 ]
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Geometric space of W jets

one prong"

[PTK, Metodiev, Thaler, PRL 2019]

Constraints: W Mass and
¢ = 0 preprocessing

v

PadUE[Eq

Gray contours represent the density of jets

Each circle is a particular W jet
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Visualizing Geometry in CMS Open Data

t-SNE Manifold Dimension 2

CMS 2011 Open Data
AK5 Jets, |net] < 1.9

o plet € [399,401] GeV

ONi©

CHS, Tracks, p2FC > 1 GeV
Scaled to 400 GeV, Rotated

t-SNE Manifold Dimension 1

Example jets sprinkled throughout
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1.0

0.8

=
>

o
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9119RI] WL SSBIN 19[

0.2

0.0

[PTK, Mastandrea, Metodiev, Naik, Thaler, PRD 2019; code and datasets at energyflow.network]
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Visualizing Geometry in CMS Open Data

t-SNE Manifold Dimension 2

ONi©

CHS, Tracks, p2FC > 1 GeV
Scaled to 400 GeV, Rotated

CMS 2011 Open Data
AK5 Jets, |net] < 1.9
Pt € [399,401] GeV

t-SNE Manifold Dimension 1

Example jets sprinkled throughout

Patrick Komiske — Simultaneous Unfolding with Deep

Learning

[PTK, Mastandrea, Metodiev, Naik, Thaler, PRD 2019; code and datasets at energyflow.network]

1.0 1.0
CMS 2011 Open Data

AK5 Jets, |net] < 1.9
piet € [399,401] GeV

0.8 0.8

&
o
=
o

-
W~
-
=~

9119RI] WL SSBIN 19[

OTI10RI Wt SSRIN 19[
t-SNE Manifold Dimension 2

0.2 0.2

CHS, Tracks, p2F® > 1 GeV

Scaled to 400 GeV, Rotated

0.0 . , . 0.0
t-SNE Manifold Dimension 1

25 most representative jets (“medoids”)
Size is proportional to number of jets associated to that medoid
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Quantifying Event-Space Manifolds
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Correlation dimension: how does the # of
elements within a ball of size Q change?

8
dim = 1 = EMD: Intrinsic Dimension
ram 7 - PYTHIA 8.235, v/s = 14 TeV
o R =1.0, pr € [500,550] GeV
6 -
g ‘e :
@ Top jets
551 .. L —— W jets
.g o‘: “‘ ves “““ “
Q . ¢ yumat®
= 4
S expect 3 + 1
77N =
o/ =
dm — 0 O “,00. ------ Decays
] o It “
Npe; dim m(Q) = Q— In Nye; .
nelgh.(Q) X Q — d (Q) Qd@ nelgh.(Q) expect1 + "
1 -
Correlation dimension lessons:
Decays are "constant” dim. at low Q 0 ) T | - A3
10 10 10

Energy Scale () (GeV)

[Grassberger, Procaccia, PRL 1983; PTK, Metodiey, Thaler, PRL 2019]
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Quantifying Event-Space Manifolds

Correlation dimension: how does the # of
elements within a ball of size Q change?

dm=1
N
dim — 0
im . d
Nneigh.(@) X Qd — dlm(Q) — Q@ In Nneigh.(Q)

Correlation dimension lessons:

Decays are "constant” dim. at low Q
Complexity hierarchy: QCD <W <'Top
Fragmentation increases dim. at smaller scales
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*Preliminary LL calculation for QG jets in backup

Energy Scale (Q (GeV)

[Grassberger, Procaccia, PRL 1983; PTK, Metodiey, Thaler, PRL 2019]
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Quantifying Event-Space Manifolds
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Correlation dimension: how does the # of J
elements within a ball of size Q change?
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dim = 1 o /_‘,_\\dim =2 \R EMD: Intrinsic Dimension
(&) LRI - \ PYTHIA 8.235, /5 = 14 TeV
A kY A \ R = 1.0, pr € [500,550] GeV

a
.% Top jets
g W jets
A QCD jets
a
S

77N\ N = Hadrons

l.\ /., \ ./ = Partons

dim — 0 dim = 0 & Decays
. d
d .
Nneigh.(@) X Q = dlm(Q) — Q@ In Nneigh.(Q)
Correlation dimension lessons:

Decays are "constant” dim. at low Q

Complexity hierarchy: QCD <W <'Top
Fragmentation increases dim. at smaller scales Energy Scale @ (GeV)
Hadronization important around 20-30 GeV
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[Grassberger, Procaccia, PRL 1983; PTK, Metodiey, Thaler, PRL 2019]
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Quantifying Event-Space Manifolds
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Unfolding Beyond Observables

Correlation dimension: how does the # of
elements within a ball of size Q change?

dm=1 ~ dim =2
/ 4 \\ ~:'\ \
V72 7N
dim = 0 dim = 0
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Nneigh.(@) X Q — dlm(Q) — Q@ In Nneigh.(Q)

a \ \
dim(Q) = Q75 In > ) Jwaw|©(EMD(E;, &) < Q)
tJ

T

Weighted events naturally accommodated
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jet
A
ut
o “2“<
q
-
. —r— —
7 -  “Data” 1 “Truth” 7

6 Sim. - Gen. i
\ ——  OmniFold
5F D/T: HERWIG 7.1.5 default ]

S/G: PYTHIA 8.243 tune 26 ]
DELPHES 3.4.2 CMS Detector N
Z+jet: p4 > 200 GeV, R = 0.4 ]
piet > 500 GeV, scaled to 500 GeV ]

Correlation Dimension

Energy Scale ) [GeV]

Same OmniFold training can unfold a
complicated function of pairs of events!

Larger detector effects and loss of stats seen at low @
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Unfolding Beyond Observables

Correlation dimension: how does the # of
elements within a ball of size Q change?

dm=1 ~ dim =2
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Weighted events naturally accommodated
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. —r— —
7 -  “Data” 1 “Truth” 7

6 Sim. - Gen. i
\ ——  OmniFold
5F D/T: HERWIG 7.1.5 default ]

S/G: PYTHIA 8.243 tune 26 ]
DELPHES 3.4.2 CMS Detector N
Z+jet: p4 > 200 GeV, R = 0.4 ]
piet > 500 GeV, scaled to 500 GeV ]

Correlation Dimension

Energy Scale ) [GeV]

Same OmniFold training can unfold a
complicated function of pairs of events!

Larger detector effects and loss of stats seen at low @
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Beyond Observables via Weighted Cross Sections

©.@)

E(n) = /dt lim r*n"Ty;(t, 1)
Standard observable (e.g. EFPs) L ‘ A
Calculate a single number for each jet/event gty
and study distribution of values | 4:2;“’/’.:’/ s Stress-energy flow

Weighted cross section e /ﬁé;% o Detection
e : —~— Hadronization
Calculate a distributional quantity per event hadrons GG ...

Fragmentation

and study the mean distribution partons Q@@ -
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Beyond Observables via Weighted Cross Sections

©.)
n) = [ dt im r*n"To;(t, rn
) / Tr— 00 OZ( ’ )
Standard observable (e.g. EFPs) L 0
Calculate a single number for each jet/event Rt f
and study distribution of values | 42;"//-:'./‘ o Stress-energy ow
//C i/// ‘
Weighted cross section e /& L. Detction
Calculate a distributional quantity per event —~ Fragmentation  hadrons GBDG® ...
and study the mean distribution partons @@ @ -

e.g. energy-energy correlator (EEC)

do_ j 5 COS 9 — COS = [ T T T | LA B T T T ]
d COS gb Z / " ¢) S 10 ATLAS e Data2012 -§
2 F _ 4 — Pythia8 :
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Beyond Observables via Weighted Cross Sections

©.@)
n) = /dt lim r*n"To;(t, rn)
Tr— 00
Standard observable (e.g. EFPs) L 0
Calculate a single number for each jet/event Pt f
and study distribution of values | ,/?//‘/,-j./‘ o Stress-energy ow
2 i iz//‘/' ‘
Weighted cross section e /& o Detection
o . ~— Hadronization
Calculate a distributional quantity per event Fragmentation  hadrons GBDG® ...
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Unfolding Setup

— Unfolding corrects distributions for detector effects using detector simulation
— Result is independent of prior, in practice there is a bias/variance tradeoff

— Traditional unfolding (e.g. IBU) is limited to one or two observables

OmniFold

— Is the maximum likelihood solution to the unfolding problem (like IBU)

— Phrased as likelihood-free inference, allowing use of high-dimensional classifiers

— Learns a single particle-level weighting function that unfolds all observables

Unfolding Beyond Observables

— Non-per-event quantities can be of broad interest in particle physics
— Traditional unfolding is challenged due to reliance on low-dimensional histograms

— Can be unfolded with OmniFold as easily and naturally as any other quantity
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OmniFold Etymology

The Mountain sat upon the Plain
In his tremendous Chair —

His observation omnifold,

His inquest, everywhere —

The Seasons played around his knees
Like Children round a sire —
Grandfather of the Days is He

Of Dawn, the Ancestor —

Emily Dickinson, #975

Patrick Komiske — Simultaneous Unfolding with Deep Learning
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Patrick Komiske — The Hidden Geometry of Particle Collisions

Additional Slides
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Dealing with Uncertainties

Sources of uncertainty in a statistical analysis

Ptrain(Z) 7 Dirue(z)
inaccurate training data

limited training statistics NN(X)|peruemperan 7 H=iZ S*,;B
. 4% true=—Ptrain Ptruel®

model/optimization flexibility

, Statistical uncertainty Systematic uncertainty ;

Porediction(Z) # Prrue(T)

limited prediction statistics | o
bl inaccurate prediction data

Accuracy / Bias: Pprediction (NN) # Ptrue(NN)

[Nachman, 1909.03081]

Patrick Komiske — Simultaneous Unfolding with Deep Learning

Parametrized models could enable efficient
profiling to handle systematic uncertainties

[similar to Baldi, Cranmer, Faucett, Sadowski,Whiteson, 1601.07913]

0.004 T T
B Background
: '"‘\' :500
3 my =750
0.003} 3 my =1000
g. 1 my =1250
2 3 my =1500
5
f=
= 0.002}
S
i
o
v,
aQ
fre
0.001}

0 500 ' 1000 1500 2000 2500 3000
Mg [GEV]

Training a neural network on several different signal
masses and allowing it to interpolate between them
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Soft Drop

Contaminating radiation in jets
necessitates grooming

Diagrams by Jesse Thaler

Patrick Komiske — Simultaneous Unfolding with Deep Learning

Soft Drop algorithm

Groomed
Clustering Tree

Calculating mass on SD jets

Simulated LHC Data
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Quark and Gluon Correlation Dimensions

Leading log (single emission) calculation:

@
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Cq; In
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color factor
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-
S
=
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»
@,
@,
Quark Gluon
Cr=4/3 Ca=3
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[PTK, Metodiev, Thaler, to appear soon]
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Defining IRC Safety Precisely

[Sterman, Weinberg, PRL 1997; Sterman, PRD 1978; Banfi, Salam, Zanderighi, [HEP 2005]

Infrared and collinear safety is a proxy for perturbative calculability of an observable

Patrick Komiske — Simultaneous Unfolding with Deep Learning
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Defining IRC Safety Precisely

[Sterman, Weinberg, PRL 1997; Sterman, PRD 1978; Banfi, Salam, Zanderighi, [HEP 2005]

Infrared and collinear safety is a proxy for perturbative calculability of an observable

Exact IRC invariance

O(py,--.,phy) = O0py, Y-, 0hy)
Opy,...,ph) = OY, (1 —Npi, ..., 0h)

Guarantees observable is well-defined on energy flows

Allows for pathological observables, e.g. pseudo-multiplicity

Patrick Komiske — Simultaneous Unfolding with Deep Learning

50


https://doi.org/10.1103/PhysRevLett.39.1436
https://doi.org/10.1103/PhysRevD.17.2789
https://doi.org/10.1088/1126-6708/2005/03/073

Defining IRC Safety Precisely

[Sterman, Weinberg, PRL 1997; Sterman, PRD 1978; Banfi, Salam, Zanderighi, [HEP 2005]

Infrared and collinear safety is a proxy for perturbative calculability of an observable

Exact IRC invariance

O(py,--.,phy) = O0py, Y-, 0hy)
Opy,...,ph) = OY, (1 —Npi, ..., 0h)

Guarantees observable is well-defined on energy flows

Allows for pathological observables, e.g. pseudo-multiplicity

Smooth |IRC invariance
OpY,...,phy) = lim O(epy,pYs---,Py)

Opy,---,pyy) = lim O(Apy, (1= A)py,....phy)

Py — Pl

Eliminates common observables with hard boundaries

Patrick Komiske — Simultaneous Unfolding with Deep Learning
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Defining IRC Safety Precisely

[Sterman, Weinberg, PRL 1997; Sterman, PRD 1978; Banfi, Salam, Zanderighi, [HEP 2005]

Infrared and collinear safety is a proxy for perturbative calculability of an observable

Exact IRC invariance

O(py,--.,phy) = O0py, Y-, 0hy)
Opy,...,ph) = OY, (1 —Npi, ..., 0h)

Guarantees observable is well-defined on energy flows

Allows for pathological observables, e.g. pseudo-multiplicity

Smooth |IRC invariance
OpY,...,phy) = lim O(epy,pYs---,Py)

O(pY,--.,phy) = lim OQApy, (L= AN)pT,....py)

Py — Pl

Eliminates common observables with hard boundaries

Patrick Komiske — Simultaneous Unfolding with Deep Learning

All Observables

Comments

Multiplicity (), 1)
Momentum Dispersion [65] (-, E?)
Sphericity Tensor [66] (3. i pY)

Number of Non-Zero Calorimeter Deposits

IR unsafe and C unsafe
IR safe but C unsafe
IR safe but C unsafe
C safe but IR unsafe

Defined on Energy Flows

Pseudo-Multiplicity (min{N |7y = 0})

Robust to exact IR or C emissions

Infrared & Collinear Safe

Jet Energy (D, E;)
Heavy Jet Mass [67]
Soft-Dropped Jet Mass [38, 68|
Calorimeter Activity [69] (Ngs)

Disc. at jet boundary
Disc. at hemisphere boundary
Disc. at grooming threshold

Disc. at cell boundary
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More EMD Geometry — Continuity in the Space of Events

Patrick Komiske — Simultaneous Unfolding with Deep Learning

[PTK, Metodiey, Thaler, 2004.04159]

Classic € — 0 definition of continuity in a metric space

An observable O is EMD continuous at an event £ if, for
any € > 0, there exists a § > 0 such that for all events &’:

EMD(E,E) <6 = |0€)—-0(E)|<e
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More EMD Geometry — Continuity in the Space of Events

Patrick Komiske — Simultaneous Unfolding with Deep Learning

[PTK, Metodiey, Thaler, 2004.04159]

Classic € — 0 definition of continuity in a metric space

An observable O is EMD continuous at an event £ if, for
any € > 0, there exists a § > 0 such that for all events &’:

EMD(E,E) <6 = |0€)—-0(E)|<e

Towards a geometric definition of IRC Safety

IRC Safety = EMD Continuity™

*on all but a negligible sett of events

fa negligible set is one that contains no positive-radius EMD-ball
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Perturbation Theory in the Space of Events

Patrick Komiske — Simultaneous Unfolding with Deep Learning

[PTK, Metodiev, Thaler, 2004.04159]

Infrared singularities of massless
gauge theories appear on each Py

r----------------
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Perturbation Theory in the Space of Events

[PTK, Metodiev, Thaler, 2004.04159]

Sudakov safety [Larkoski, Thaler; JHEP 2014; Larkoski, Marzani, Thaler, PRD 2015] Infrared singularities of massless
gauge theories appear on each Py

Some observables have discontinuities on Py for some N

A resummed IRC-safe companion can mitigate the divergences

p(OSudakOV) — /dOComp.p(OSudakOV‘OComp.)p(OComp.)

Event geometry suggests N-(sub)jettiness as universal companion

r----------------
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Perturbation Theory in the Space of Events

[PTK, Metodiev, Thaler, 2004.04159]

Sudakov safety [Larkoski, Thaler, JHEP 2014; Larkoski, Marzani, Thaler, PRD 201 5] Infrared singularities of massless
gauge theories appear on each Py

Some observables have discontinuities on Py for some N

A resummed IRC-safe companion can mitigate the divergences

p(OSudakOV) — /dOComp.p(OSudakOV‘OComp.)p(OComp.)

Event geometry suggests N-(sub)jettiness as universal companion

A

Fixed-order calculability [Sterman, PRD 1979; Banfi, Salam, Zanderighi, JHEP 2005]

Is a statement of integrability on each Py

EMD continuity must be upgraded to EMD-Holder continuity on each P

v

r----------------

OE) — 0"
1' — O O ---------------------------------------
ErE EMD(E, E7)¢ 7
Example: V(&) =Tz(€) (1 + 1nE(5)1/7'3(8)> is EMD continuous but not EMD Holder continuous (it is Sudakov safe)
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Hierarchy of IRC Safety Definitions

[PTK, Metodiev, Thaler, 2004.04159]

All Observables Comments

Multiplicity (3, 1) IR unsafe and C unsafe

Momentum Dispersion [65] (3=, E?) IR safe but C unsafe

Sphericity Tensor [66] (3, pf'pY) IR safe but C unsafe

Number of Non-Zero Calorimeter Deposits C safe but IR unsafe
All Observables

Defined on Energy Flows

Measurable at a collider

Pseudo-Multiplicity (min{NV | 7y = 0}) Robust to exact IR or C emissions

Infrared & Collinear Safe

Deﬁned on Energy FIOWS Jet Energy (3, E;) Disc. at jet boundary
Invariant to exact infrared & collinear emissions everywhere except a negligible set of events Heavy Jet Mass [67] Disc. at hemisphere boundary
Soft-Dropped Jet Mass [38, 68] Disc. at grooming threshold
Calorimeter Activity [69] (Ngs) Disc. at cell boundary
Infrared & Collinear Safe Sudakov Safe
EMD continuous everywhere except a negligible set of events Groomed Momentum Fraction [39] (z,) Disc. on 1-particle manifold
Jet Angularity Ratios [37] Disc. on 1-particle manifold

“IIIIIIIIIIIIIIIIIII...

N-subjettiness Ratios [47, 48] (Ty+1/7n)  Disc. on N-particle manifold

EMD Holder Continuous Sudakov Safe

Everywhere invariant to infinitesimal Discontinuous on some

V parameter [36] (Eq. (2.11)) Holder disc. on 3-particle manifold

EMD Holder Continuous Everywhere
Thrust [40, 41]

\d

L]
a
|
]
n
L J
L/

infrared & collinear emissions N-particle manifolds

YO0 0 A000000000000 0000000 Spherocity [42]

Angularities [70]

N-jettiness [44] (Tn)

C parameter [71-74] Resummation beneficial at C = 2
Linear Sphericity [72] (3, Einf'nY)

Energy Correlators [36, 75—77]

Energy Flow Polynomials [15, 17]
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Energy-Energy Correlators — Projection to Longest Side

[PTK, Moult, Thaler, Zhu, to appear soon]

Integrate out shape dependence but keep overall size dependence
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Energy-Energy Correlators — Projection to Longest Side

Integrate out shape dependence but keep overall size dependence
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Energy-Energy Correlators — Projection to Longest Side

[PTK, Moult, Thaler, Zhu, to appear soon]

Integrate out shape dependence but keep overall size dependence
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EEEC T FUII Shape Dependence [PTK, Moult, Thaler, Zhu, to appear soon]

For x; ~ 0.01
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EEEC T FUII Shape Dependence [PTK, Moult, Thaler, Zhu, to appear soon]
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