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Particle Collider Events

4

High-energy collisions produce final state particles with 
energy, direction, charge, flavor, and other quantum numbers

e.g. the ATLAS detector
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Jets at the Large Hadron Collider
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CMS hadronic     eventtt̄
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ATLAS high jet multiplicity events

Jet substructure techniques enabled by fantastic detector resolution and reconstruction
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Standard Model of Particle Physics
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Standard Model of Particle Physics
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– as Jets

Light quarks

Intermediate quarks

Heavy particles that further decay

Gluon

= displaced D or B meson

~ 70% to quarks

~ 60% to bb̄

~ 70% to bqq̄
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“One”-pronged jets
“Three”-pronged jets

“Two”-pronged jets

Standard Model of Particle Physics

7

– as Jets
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Intermediate quarks
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= displaced D or B meson

~ 70% to quarks
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Correcting for Detector Effects

8

• 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)

Soft Drop Jet Mass Measurement
[ATLAS, PRL 2018]

Unfolding estimates truth-level quantities given experimental 
data and information about detector response

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

Detector response varies according to jet mass and pT
Explicitly depends on specific detector geometry

[ATLAS-CONF-2020-022]

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



Patrick Komiske – Simultaneous Unfolding with Deep Learning

Unfolding Setup
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Simulation
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Detector-level

Data

Particle-level

Generation

Truth

ATLAS, CMS

GEANT, DELPHES PYTHIA, HERWIG, SHERPA

Learn detector response from trustable simulation

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

Goal of unfolding is to learn a generative particle-level model that reproduces the data

Measurements are affected by detector effects of finite resolution and limited acceptance
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Challenges with Traditional Unfolding 
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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 
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Jet 1

Two hard prongs

Jet 2
Hard core, diffuse spray

Example – Two jets acquiring the same mass in different ways

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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ements for small splittings 

ATLAS State-of-the-art Lund Plane Measurement
[PRL 2020]

Example with IBU

21 x 15 bins in  x 
– Must redo unfolding for other binnings e.g. 

finer/coarser,  (diagonal) binning, etc.

Limited to two observables
– 212 x 152 elements in response matrix 
– Going differential in  bins of  would 

multiply size of  by 

ln(1/z) ln(R/ΔR)

kT

R

n pT

R n2

Jet 1

Two hard prongs

Jet 2
Hard core, diffuse spray

Example – Two jets acquiring the same mass in different ways

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

https://arxiv.org/abs/2004.03540
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Traditional Unfolding
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Iterated Bayesian Unfolding (IBU)
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[Richardson, JOSA 1972; Lucy, AJ 1974; D’Agostini, NIMPA 1995] 

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

measured distribution:                                             true distribution: mi = Pr(measure i)

<latexit sha1_base64="UyQwCnKpcfCTpWH6V6nRvy120lk="></latexit>

t
(0)
j = Pr(truth is j)
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Rij = Pr(measure i | truth is j)
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 is in general non-square and non-invertibleR

Calculate response matrix  from generated/simulated pairs of events Rij

t
(n)
j =

X

i

Pr(truthn−1 is j | measure i)× Pr(measure i)
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Calculate new particle-level distribution using Bayes’ theorem

Iterate procedure to remove dependence on prior (typically 2-5 times, to limit high-frequency modes)

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

http://dx.doi.org/%2010.1364/JOSA.62.000055
http://dx.doi.org/10.1086/111605
https://doi.org/10.1016/0168-9002(95)00274-X
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Demonstration of IBU
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Choose observable(s) and binning at detector-level and particle-level

measured distribution:                                             

true distribution: 

mi = Pr(measure i)
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Calculate new particle-level distribution using Bayes’ theorem

Iterate procedure to remove dependence on prior
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1
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t(0)
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1

2

0
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2
ij

Uniform prior Bins are measured equally Bin 1 reconstructed perfectly
Bin 2 reconstructed equally

Consider a situation with two particle-level bins and two detector-level bins
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– Reweights Simn-1 to data
– Pulls weights back to particle-level Genn-1

Step 1

Incorporates the response matrix

https://arxiv.org/abs/1911.09107
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– Reweights Genn-1 to (step 1)-weighted genn-1

– Pushes weights to detector-level Simn

Step 2

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

https://arxiv.org/abs/1911.09107
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 – likelihood ratio
 – weights
 – phase space
 – element of 
 – probability density

L

w

X

x X

p

L[(w,X), (w0, X 0)](x) =
p(w,X)(x)

p(w0,X0)(x)

<latexit sha1_base64="3r1MIrDoqCEMCApKUJ5XjaN6AHE="></latexit>

Likelihood ratio is optimal binary classifier by Neyman-Pearson lemma
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L[(w,X), (w0, X 0)](x) =
p(w,X)(x)

p(w0,X0)(x)

<latexit sha1_base64="3r1MIrDoqCEMCApKUJ5XjaN6AHE="></latexit>

Likelihood ratio is optimal binary classifier by Neyman-Pearson lemma

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

Model output of a well-trained classifier accesses likelihood ratio

Model[(w,X), (w0, X 0)](x) '
L[(w,X), (w0, X 0)](x)

1 + L[(w,X), (w0, X 0)](x)

<latexit sha1_base64="fH5/4+FMWedv8BOhTeqI2w10lR4="></latexit>

Assuming softmax output

https://arxiv.org/abs/1506.02169
https://arxiv.org/abs/1907.08209
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Likelihood ratio is optimal binary classifier by Neyman-Pearson lemma

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

Model output of a well-trained classifier accesses likelihood ratio

Model[(w,X), (w0, X 0)](x) '
L[(w,X), (w0, X 0)](x)

1 + L[(w,X), (w0, X 0)](x)

<latexit sha1_base64="fH5/4+FMWedv8BOhTeqI2w10lR4="></latexit>

Assuming softmax output

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

 is statistically indistinguishable from A′ BwA0(x) = wA(x)×
Model[(wB , B), (wA, A)](x)

1−Model[(wB , B), (wA, A)](x)

<latexit sha1_base64="zNnU9xm+o8yWhWG7n7VYGmRZuJA="></latexit>

Likelihood reweighting benefits from architectural improvements 

https://arxiv.org/abs/1506.02169
https://arxiv.org/abs/1907.08209
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Pull Weights

Push Weights

Step 1: 
Reweight Sim. to Data

Step 2: 
Reweight Gen.

νn−1

ωn

−−→ νn
<latexit sha1_base64="USI/aHUkKNmen4gwHqyTXZ7rTGs="></latexit><latexit sha1_base64="USI/aHUkKNmen4gwHqyTXZ7rTGs="></latexit><latexit sha1_base64="USI/aHUkKNmen4gwHqyTXZ7rTGs="></latexit><latexit sha1_base64="aANR4xqa5G8N4A3PGP5I4W3UWFE="></latexit>

νn−1

Data
−−−→ ωn

<latexit sha1_base64="IV5Rkcz2AJeiGq38yKsp/wTcRwM=">AAACenicdVFLa9wwEJbdV7J9ZJP01ovIUmhpauTa+7ottIceU+gmgbVZZK3sFdHDSHLaxeiH9lzor+ihWm8KTdoOCD6+mW++mVFRc2YsQt+C8N79Bw8f7e33Hj95+uygf3h0blSjCZ0TxZW+LLCh nEk6t8xyellrikXB6UVx9X6bv7im2jAlP9tNTXOBK8lKRrD11LLv2qxrstBVkbcoGo+mcTo+RVEyTJJ06AEaTZIUuUw2y1a+jR3MvmpWrS3WWn1pMy3gnRaoi9O/gPuALXZerwStsG/m3LI/QNFolKTJBHpLNEZpDLeWw+k0hfGNcDB7Dro4W/Z/ZCtFGkGlJRwbs4hRbfMWa8sIp66XNYbWmFzhii48lFhQk7fdeA6+9MwKlkr7Jy3s2D8VLRbGbEThKwW2a3M3tyX/lVs0tpzkLZN1Y6kkO6Oy4dAquL05XDFNieUbDzDRzM8KyRprTKz/mVsuJd1IUbueP8zv7eH/wfm7KEZR/CkdzCa7C4E98AKcgFcgBmMwAx/BGZgDAr4H+8FRcBz8DE/C1+GbXWkY3GiOwa0I0181Z7sO</latexit><latexit sha1_base64="IV5Rkcz2AJeiGq38yKsp/wTcRwM=">AAACenicdVFLa9wwEJbdV7J9ZJP01ovIUmhpauTa+7ottIceU+gmgbVZZK3sFdHDSHLaxeiH9lzor+ihWm8KTdoOCD6+mW++mVFRc2YsQt+C8N79Bw8f7e33Hj95+uygf3h0blSjCZ0TxZW+LLCh nEk6t8xyellrikXB6UVx9X6bv7im2jAlP9tNTXOBK8lKRrD11LLv2qxrstBVkbcoGo+mcTo+RVEyTJJ06AEaTZIUuUw2y1a+jR3MvmpWrS3WWn1pMy3gnRaoi9O/gPuALXZerwStsG/m3LI/QNFolKTJBHpLNEZpDLeWw+k0hfGNcDB7Dro4W/Z/ZCtFGkGlJRwbs4hRbfMWa8sIp66XNYbWmFzhii48lFhQk7fdeA6+9MwKlkr7Jy3s2D8VLRbGbEThKwW2a3M3tyX/lVs0tpzkLZN1Y6kkO6Oy4dAquL05XDFNieUbDzDRzM8KyRprTKz/mVsuJd1IUbueP8zv7eH/wfm7KEZR/CkdzCa7C4E98AKcgFcgBmMwAx/BGZgDAr4H+8FRcBz8DE/C1+GbXWkY3GiOwa0I0181Z7sO</latexit><latexit sha1_base64="IV5Rkcz2AJeiGq38yKsp/wTcRwM=">AAACenicdVFLa9wwEJbdV7J9ZJP01ovIUmhpauTa+7ottIceU+gmgbVZZK3sFdHDSHLaxeiH9lzor+ihWm8KTdoOCD6+mW++mVFRc2YsQt+C8N79Bw8f7e33Hj95+uygf3h0blSjCZ0TxZW+LLCh nEk6t8xyellrikXB6UVx9X6bv7im2jAlP9tNTXOBK8lKRrD11LLv2qxrstBVkbcoGo+mcTo+RVEyTJJ06AEaTZIUuUw2y1a+jR3MvmpWrS3WWn1pMy3gnRaoi9O/gPuALXZerwStsG/m3LI/QNFolKTJBHpLNEZpDLeWw+k0hfGNcDB7Dro4W/Z/ZCtFGkGlJRwbs4hRbfMWa8sIp66XNYbWmFzhii48lFhQk7fdeA6+9MwKlkr7Jy3s2D8VLRbGbEThKwW2a3M3tyX/lVs0tpzkLZN1Y6kkO6Oy4dAquL05XDFNieUbDzDRzM8KyRprTKz/mVsuJd1IUbueP8zv7eH/wfm7KEZR/CkdzCa7C4E98AKcgFcgBmMwAx/BGZgDAr4H+8FRcBz8DE/C1+GbXWkY3GiOwa0I0181Z7sO</latexit><latexit sha1_base64="i+iM1Y2AuIdG+9czSK1qRLZgOsY=">AAACenicdVFNa9wwEJXdr2T7tU2OvYgshZamRq69X7dAe+gxhW4SWJtlrJW9IpJsJDnpYvRDey70V/RQ7WYLTdoOCB5v5s2bGRWN4MYS8i0I791/8PDR3n7v8ZOnz573XxycmbrVlM1oLWp9UYBh gis2s9wKdtFoBrIQ7Ly4/LDJn18xbXitvth1w3IJleIlp2A9tei7Lts2meuqyDsSjUfTOB0fkygZJkk69ICMJklKXKbaRafexQ5nXzWvVha0rq+7TEt8pwXZxvFfwH0EC87ra8kq8M2cW/QHJBqNkjSZYG9JxiSN8cZyOJ2mON4JB2gXp4v+j2xZ01YyZakAY+YxaWzegbacCuZ6WWtYA/QSKjb3UIFkJu+24zn8yjNLXNbaP2Xxlv1T0YE0Zi0LXynBrszd3Ib8V27e2nKSd1w1rWWK3hiVrcC2xpub4yXXjFqx9gCo5n5WTFeggVr/M7dcSrZWsnE9f5jf2+P/g7P3UUyi+HM6OJnsTrSHXqIj9BrFaIxO0Cd0imaIou/BfnAQHAY/w6PwTfj2pjQMdppDdCvC9Be8rLq6</latexit>

(t,m)

<latexit sha1_base64="tj7dmtPDPKlq2nOSy+gtGz5X5lE="></latexit>

Inputs

         – pairs of Gen and Sim events
 – initial particle-level weights for Gen

– Data
ν0(t)

Results of Steps 1 and 2

 – particle-level weights for Gen, nth iteration
 – detector-level weights for Sim, nth iteration

νn(t)

ωn(m)

 =  – pulling  back to particle-level
 =  – pushing  to detector-level

ω
pull
n (t) ωn(m) ωn

ν
push
n (m) νn(t) νn

Pulling/Pushing Weights

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

https://arxiv.org/abs/1911.09107
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Step 1: 
Reweight Sim. to Data

Step 2: 
Reweight Gen.

νn−1

ωn

−−→ νn
<latexit sha1_base64="USI/aHUkKNmen4gwHqyTXZ7rTGs="></latexit><latexit sha1_base64="USI/aHUkKNmen4gwHqyTXZ7rTGs="></latexit><latexit sha1_base64="USI/aHUkKNmen4gwHqyTXZ7rTGs="></latexit><latexit sha1_base64="aANR4xqa5G8N4A3PGP5I4W3UWFE="></latexit>

νn−1

Data
−−−→ ωn

<latexit sha1_base64="IV5Rkcz2AJeiGq38yKsp/wTcRwM=">AAACenicdVFLa9wwEJbdV7J9ZJP01ovIUmhpauTa+7ottIceU+gmgbVZZK3sFdHDSHLaxeiH9lzor+ihWm8KTdoOCD6+mW++mVFRc2YsQt+C8N79Bw8f7e33Hj95+uygf3h0blSjCZ0TxZW+LLCh nEk6t8xyellrikXB6UVx9X6bv7im2jAlP9tNTXOBK8lKRrD11LLv2qxrstBVkbcoGo+mcTo+RVEyTJJ06AEaTZIUuUw2y1a+jR3MvmpWrS3WWn1pMy3gnRaoi9O/gPuALXZerwStsG/m3LI/QNFolKTJBHpLNEZpDLeWw+k0hfGNcDB7Dro4W/Z/ZCtFGkGlJRwbs4hRbfMWa8sIp66XNYbWmFzhii48lFhQk7fdeA6+9MwKlkr7Jy3s2D8VLRbGbEThKwW2a3M3tyX/lVs0tpzkLZN1Y6kkO6Oy4dAquL05XDFNieUbDzDRzM8KyRprTKz/mVsuJd1IUbueP8zv7eH/wfm7KEZR/CkdzCa7C4E98AKcgFcgBmMwAx/BGZgDAr4H+8FRcBz8DE/C1+GbXWkY3GiOwa0I0181Z7sO</latexit><latexit sha1_base64="IV5Rkcz2AJeiGq38yKsp/wTcRwM=">AAACenicdVFLa9wwEJbdV7J9ZJP01ovIUmhpauTa+7ottIceU+gmgbVZZK3sFdHDSHLaxeiH9lzor+ihWm8KTdoOCD6+mW++mVFRc2YsQt+C8N79Bw8f7e33Hj95+uygf3h0blSjCZ0TxZW+LLCh nEk6t8xyellrikXB6UVx9X6bv7im2jAlP9tNTXOBK8lKRrD11LLv2qxrstBVkbcoGo+mcTo+RVEyTJJ06AEaTZIUuUw2y1a+jR3MvmpWrS3WWn1pMy3gnRaoi9O/gPuALXZerwStsG/m3LI/QNFolKTJBHpLNEZpDLeWw+k0hfGNcDB7Dro4W/Z/ZCtFGkGlJRwbs4hRbfMWa8sIp66XNYbWmFzhii48lFhQk7fdeA6+9MwKlkr7Jy3s2D8VLRbGbEThKwW2a3M3tyX/lVs0tpzkLZN1Y6kkO6Oy4dAquL05XDFNieUbDzDRzM8KyRprTKz/mVsuJd1IUbueP8zv7eH/wfm7KEZR/CkdzCa7C4E98AKcgFcgBmMwAx/BGZgDAr4H+8FRcBz8DE/C1+GbXWkY3GiOwa0I0181Z7sO</latexit><latexit sha1_base64="IV5Rkcz2AJeiGq38yKsp/wTcRwM=">AAACenicdVFLa9wwEJbdV7J9ZJP01ovIUmhpauTa+7ottIceU+gmgbVZZK3sFdHDSHLaxeiH9lzor+ihWm8KTdoOCD6+mW++mVFRc2YsQt+C8N79Bw8f7e33Hj95+uygf3h0blSjCZ0TxZW+LLCh nEk6t8xyellrikXB6UVx9X6bv7im2jAlP9tNTXOBK8lKRrD11LLv2qxrstBVkbcoGo+mcTo+RVEyTJJ06AEaTZIUuUw2y1a+jR3MvmpWrS3WWn1pMy3gnRaoi9O/gPuALXZerwStsG/m3LI/QNFolKTJBHpLNEZpDLeWw+k0hfGNcDB7Dro4W/Z/ZCtFGkGlJRwbs4hRbfMWa8sIp66XNYbWmFzhii48lFhQk7fdeA6+9MwKlkr7Jy3s2D8VLRbGbEThKwW2a3M3tyX/lVs0tpzkLZN1Y6kkO6Oy4dAquL05XDFNieUbDzDRzM8KyRprTKz/mVsuJd1IUbueP8zv7eH/wfm7KEZR/CkdzCa7C4E98AKcgFcgBmMwAx/BGZgDAr4H+8FRcBz8DE/C1+GbXWkY3GiOwa0I0181Z7sO</latexit><latexit sha1_base64="i+iM1Y2AuIdG+9czSK1qRLZgOsY=">AAACenicdVFNa9wwEJXdr2T7tU2OvYgshZamRq69X7dAe+gxhW4SWJtlrJW9IpJsJDnpYvRDey70V/RQ7WYLTdoOCB5v5s2bGRWN4MYS8i0I791/8PDR3n7v8ZOnz573XxycmbrVlM1oLWp9UYBh gis2s9wKdtFoBrIQ7Ly4/LDJn18xbXitvth1w3IJleIlp2A9tei7Lts2meuqyDsSjUfTOB0fkygZJkk69ICMJklKXKbaRafexQ5nXzWvVha0rq+7TEt8pwXZxvFfwH0EC87ra8kq8M2cW/QHJBqNkjSZYG9JxiSN8cZyOJ2mON4JB2gXp4v+j2xZ01YyZakAY+YxaWzegbacCuZ6WWtYA/QSKjb3UIFkJu+24zn8yjNLXNbaP2Xxlv1T0YE0Zi0LXynBrszd3Ib8V27e2nKSd1w1rWWK3hiVrcC2xpub4yXXjFqx9gCo5n5WTFeggVr/M7dcSrZWsnE9f5jf2+P/g7P3UUyi+HM6OJnsTrSHXqIj9BrFaIxO0Cd0imaIou/BfnAQHAY/w6PwTfj2pjQMdppDdCvC9Be8rLq6</latexit>

(t,m)

<latexit sha1_base64="tj7dmtPDPKlq2nOSy+gtGz5X5lE="></latexit>

Inputs

         – pairs of Gen and Sim events
 – initial particle-level weights for Gen

– Data
ν0(t)

Results of Steps 1 and 2

 – particle-level weights for Gen, nth iteration
 – detector-level weights for Sim, nth iteration

νn(t)

ωn(m)

 =  – pulling  back to particle-level
 =  – pushing  to detector-level

ω
pull
n (t) ωn(m) ωn

ν
push
n (m) νn(t) νn

Pulling/Pushing Weights

ωn(m) = ν
push
n−1 × L[(1,Data), (νpush

n−1 , Sim)](m)

<latexit sha1_base64="Q1Rs1XQyFSIWCww2vbpuELxsDTg="></latexit>

νn(t) = νn−1(t)× L[(ωpull
n

,Gen), (νn−1,Gen)](t)

<latexit sha1_base64="TGZF0tmc+uEZDQhMlm0LXQYEDM8="></latexit>

Step 1 – 

Step 2 –

OmniFold

p
(n)
unfolded(t) = νn(t)× pGen(t)

<latexit sha1_base64="Y9jnBAHs2CS9VmAdmFCxThiBfTo="></latexit>

Unfold any* observable  using universal weights pGen(t) νn(t)

*Observables should be chosen responsibly

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

https://arxiv.org/abs/1911.09107
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νn−1

Data
−−−→ ωn
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(t,m)

<latexit sha1_base64="tj7dmtPDPKlq2nOSy+gtGz5X5lE="></latexit>

Inputs

         – pairs of Gen and Sim events
 – initial particle-level weights for Gen

– Data
ν0(t)

Results of Steps 1 and 2

 – particle-level weights for Gen, nth iteration
 – detector-level weights for Sim, nth iteration

νn(t)

ωn(m)

 =  – pulling  back to particle-level
 =  – pushing  to detector-level

ω
pull
n (t) ωn(m) ωn

ν
push
n (m) νn(t) νn

Pulling/Pushing Weights

ωn(m) = ν
push
n−1 × L[(1,Data), (νpush

n−1 , Sim)](m)

<latexit sha1_base64="Q1Rs1XQyFSIWCww2vbpuELxsDTg="></latexit>

νn(t) = νn−1(t)× L[(ωpull
n

,Gen), (νn−1,Gen)](t)

<latexit sha1_base64="TGZF0tmc+uEZDQhMlm0LXQYEDM8="></latexit>

Step 1 – 

Step 2 –

OmniFold

p
(n)
unfolded(t) = νn(t)× pGen(t)

<latexit sha1_base64="Y9jnBAHs2CS9VmAdmFCxThiBfTo="></latexit>

Unfold any* observable  using universal weights pGen(t) νn(t)

*Observables should be chosen responsibly

After first iteration, with :ν0(t) = 1

ν1(t)pGen(t) =

Z
dmpGen|Sim(t|m) pData(m)

<latexit sha1_base64="Yvcn2wKIW3S4ldGZOL5g0tt/OnQ="></latexit>

OmniFold is continuous IBU!

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

https://arxiv.org/abs/1911.09107
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How to represent jets to a machine learning architecture?
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J ({pµ1 , . . . , p
µ
M}) = J({pµ

π(1), . . . , p
µ

π(M)}), M ≥ 1
| {z }

Multiplicity

, ∀π ∈ SM
| {z }

Permutations
<latexit sha1_base64="czdWrHnW0ZIWN6M9hJWxhuxrDNw="></latexit><latexit sha1_base64="czdWrHnW0ZIWN6M9hJWxhuxrDNw="></latexit><latexit sha1_base64="czdWrHnW0ZIWN6M9hJWxhuxrDNw="></latexit><latexit sha1_base64="czdWrHnW0ZIWN6M9hJWxhuxrDNw="></latexit>

Due to quantum-mechanical indistinguishability

Due to probabilistic nature of jet formation

represents all the particle properties:

• Four-momentum – 

• Other quantum numbers (e.g. particle id, charge)

• Experimental information (e.g. vertex info, quality criteria, tracking info)

p
µ
i

<latexit sha1_base64="E/lkrXBBPGDWQGRyekBpdfr0+2w=">AAAB73icbZDLSgMxFIbPeK3jrerSTbAIrsqMCLosunFZwV6gHUsmzbShuYxJRihDH8KVoCBufR5Xvo1pOwtt/SHw8Z9zyDl/nHJmbBB8eyura+sbm6Utf3tnd2+/fHDYNCrThDaI4kq3Y2woZ5I2LLOctlNNsYg5bcWjm2m99US1YUre23FKI4EHkiWMYOusVtpjD12R9cqVoBrMhJYhLKACheq98le3r0gmqLSEY2M6YZDaKMfaMsLpxO9mhqaYjPCAdhxKLKiJ8tm6E3TqnD5KlHZPWjRzf0/kWBgzFrHrFNgOzWJtav5X62Q2uYpyJtPMUknmHyUZR1ah6e2ozzQllo8dYKKZ2xWRIdaYWJeQ77sUwsWbl6F5Xg0d311UatdFHiU4hhM4gxAuoQa3UIcGEBjBM7zCm/fovXjv3se8dcUrZo7gj7zPH+UOj6Q=</latexit><latexit sha1_base64="E/lkrXBBPGDWQGRyekBpdfr0+2w=">AAAB73icbZDLSgMxFIbPeK3jrerSTbAIrsqMCLosunFZwV6gHUsmzbShuYxJRihDH8KVoCBufR5Xvo1pOwtt/SHw8Z9zyDl/nHJmbBB8eyura+sbm6Utf3tnd2+/fHDYNCrThDaI4kq3Y2woZ5I2LLOctlNNsYg5bcWjm2m99US1YUre23FKI4EHkiWMYOusVtpjD12R9cqVoBrMhJYhLKACheq98le3r0gmqLSEY2M6YZDaKMfaMsLpxO9mhqaYjPCAdhxKLKiJ8tm6E3TqnD5KlHZPWjRzf0/kWBgzFrHrFNgOzWJtav5X62Q2uYpyJtPMUknmHyUZR1ah6e2ozzQllo8dYKKZ2xWRIdaYWJeQ77sUwsWbl6F5Xg0d311UatdFHiU4hhM4gxAuoQa3UIcGEBjBM7zCm/fovXjv3se8dcUrZo7gj7zPH+UOj6Q=</latexit><latexit sha1_base64="E/lkrXBBPGDWQGRyekBpdfr0+2w=">AAAB73icbZDLSgMxFIbPeK3jrerSTbAIrsqMCLosunFZwV6gHUsmzbShuYxJRihDH8KVoCBufR5Xvo1pOwtt/SHw8Z9zyDl/nHJmbBB8eyura+sbm6Utf3tnd2+/fHDYNCrThDaI4kq3Y2woZ5I2LLOctlNNsYg5bcWjm2m99US1YUre23FKI4EHkiWMYOusVtpjD12R9cqVoBrMhJYhLKACheq98le3r0gmqLSEY2M6YZDaKMfaMsLpxO9mhqaYjPCAdhxKLKiJ8tm6E3TqnD5KlHZPWjRzf0/kWBgzFrHrFNgOzWJtav5X62Q2uYpyJtPMUknmHyUZR1ah6e2ozzQllo8dYKKZ2xWRIdaYWJeQ77sUwsWbl6F5Xg0d311UatdFHiU4hhM4gxAuoQa3UIcGEBjBM7zCm/fovXjv3se8dcUrZo7gj7zPH+UOj6Q=</latexit><latexit sha1_base64="E/lkrXBBPGDWQGRyekBpdfr0+2w=">AAAB73icbZDLSgMxFIbPeK3jrerSTbAIrsqMCLosunFZwV6gHUsmzbShuYxJRihDH8KVoCBufR5Xvo1pOwtt/SHw8Z9zyDl/nHJmbBB8eyura+sbm6Utf3tnd2+/fHDYNCrThDaI4kq3Y2woZ5I2LLOctlNNsYg5bcWjm2m99US1YUre23FKI4EHkiWMYOusVtpjD12R9cqVoBrMhJYhLKACheq98le3r0gmqLSEY2M6YZDaKMfaMsLpxO9mhqaYjPCAdhxKLKiJ8tm6E3TqnD5KlHZPWjRzf0/kWBgzFrHrFNgOzWJtav5X62Q2uYpyJtPMUknmHyUZR1ah6e2ozzQllo8dYKKZ2xWRIdaYWJeQ77sUwsWbl6F5Xg0d311UatdFHiU4hhM4gxAuoQa3UIcGEBjBM7zCm/fovXjv3se8dcUrZo7gj7zPH+UOj6Q=</latexit>

(E, px, py, pz)
µ
i

<latexit sha1_base64="4EZjCs/QHv7bJZNAmUImbGAvgLk=">AAAB/3icbVDLSgMxFM3UVx1fo+LKTbAIFaTMiKDLogguK9gHtOOQSTNtaJIZkoxYhy78FFeCgrj1O1z5N6btLLT1wIHDOfeSmxMmjCrtut9WYWFxaXmluGqvrW9sbjnbOw0VpxKTOo5ZLFshUoRRQeqaakZaiSSIh4w0w8HlOG/eE6loLG71MCE+Rz1BI4qRNlbg7JWvjpPgwXBo+Hh01+FpQAOn5FbcCeC88HJRAjlqgfPV6cY45URozJBSbc9NtJ8hqSlmZGR3UkUShAeoR9pGCsSJ8rPJ+SN4aJwujGJpKDScuL83MsSVGvLQTHKk+2o2G5v/Ze1UR+d+RkWSaiLw9KEoZVDHcNwF7FJJsGZDIxCW1NwKcR9JhLVpzLZNC97sn+dF46TiGX1zWqpe5H0UwT44AGXggTNQBdegBuoAgww8g1fwZj1ZL9a79TEdLVj5zi74A+vzB3mClOM=</latexit><latexit sha1_base64="4EZjCs/QHv7bJZNAmUImbGAvgLk=">AAAB/3icbVDLSgMxFM3UVx1fo+LKTbAIFaTMiKDLogguK9gHtOOQSTNtaJIZkoxYhy78FFeCgrj1O1z5N6btLLT1wIHDOfeSmxMmjCrtut9WYWFxaXmluGqvrW9sbjnbOw0VpxKTOo5ZLFshUoRRQeqaakZaiSSIh4w0w8HlOG/eE6loLG71MCE+Rz1BI4qRNlbg7JWvjpPgwXBo+Hh01+FpQAOn5FbcCeC88HJRAjlqgfPV6cY45URozJBSbc9NtJ8hqSlmZGR3UkUShAeoR9pGCsSJ8rPJ+SN4aJwujGJpKDScuL83MsSVGvLQTHKk+2o2G5v/Ze1UR+d+RkWSaiLw9KEoZVDHcNwF7FJJsGZDIxCW1NwKcR9JhLVpzLZNC97sn+dF46TiGX1zWqpe5H0UwT44AGXggTNQBdegBuoAgww8g1fwZj1ZL9a79TEdLVj5zi74A+vzB3mClOM=</latexit><latexit sha1_base64="4EZjCs/QHv7bJZNAmUImbGAvgLk=">AAAB/3icbVDLSgMxFM3UVx1fo+LKTbAIFaTMiKDLogguK9gHtOOQSTNtaJIZkoxYhy78FFeCgrj1O1z5N6btLLT1wIHDOfeSmxMmjCrtut9WYWFxaXmluGqvrW9sbjnbOw0VpxKTOo5ZLFshUoRRQeqaakZaiSSIh4w0w8HlOG/eE6loLG71MCE+Rz1BI4qRNlbg7JWvjpPgwXBo+Hh01+FpQAOn5FbcCeC88HJRAjlqgfPV6cY45URozJBSbc9NtJ8hqSlmZGR3UkUShAeoR9pGCsSJ8rPJ+SN4aJwujGJpKDScuL83MsSVGvLQTHKk+2o2G5v/Ze1UR+d+RkWSaiLw9KEoZVDHcNwF7FJJsGZDIxCW1NwKcR9JhLVpzLZNC97sn+dF46TiGX1zWqpe5H0UwT44AGXggTNQBdegBuoAgww8g1fwZj1ZL9a79TEdLVj5zi74A+vzB3mClOM=</latexit><latexit sha1_base64="4EZjCs/QHv7bJZNAmUImbGAvgLk=">AAAB/3icbVDLSgMxFM3UVx1fo+LKTbAIFaTMiKDLogguK9gHtOOQSTNtaJIZkoxYhy78FFeCgrj1O1z5N6btLLT1wIHDOfeSmxMmjCrtut9WYWFxaXmluGqvrW9sbjnbOw0VpxKTOo5ZLFshUoRRQeqaakZaiSSIh4w0w8HlOG/eE6loLG71MCE+Rz1BI4qRNlbg7JWvjpPgwXBo+Hh01+FpQAOn5FbcCeC88HJRAjlqgfPV6cY45URozJBSbc9NtJ8hqSlmZGR3UkUShAeoR9pGCsSJ8rPJ+SN4aJwujGJpKDScuL83MsSVGvLQTHKk+2o2G5v/Ze1UR+d+RkWSaiLw9KEoZVDHcNwF7FJJsGZDIxCW1NwKcR9JhLVpzLZNC97sn+dF46TiGX1zWqpe5H0UwT44AGXggTNQBdegBuoAgww8g1fwZj1ZL9a79TEdLVj5zi74A+vzB3mClOM=</latexit>

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

An unordered, variable length collection of particles
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Deep Sets Theorem [63]. Let X ⊂ R
d be compact, X ⊂ 2X be the space of sets with bounded

cardinality of elements in X, and Y ⊂ R be a bounded interval. Consider a continuous

function f : X → Y that is invariant under permutations of its inputs, i.e. f(x1, . . . , xM ) =

f(x⇡(1), . . . , x⇡(M)) for all xi ∈ X and ⇡ ∈ SM . Then there exists a sufficiently large integer

` and continuous functions Φ : X → R
`, F : R`

→ Y such that the following holds to an

arbitrarily good approximation:1

[1703.06114]Deep Sets

Manzil Zaheer1,2, Satwik Kottur1, Siamak Ravanbhakhsh1,
Barnabás Póczos1, Ruslan Salakhutdinov1, Alexander J Smola1,2

1 Carnegie Mellon University 2 Amazon Web Services
{manzilz,skottur,mravanba,bapoczos,rsalakhu,smola}@cs.cmu.edu

f({x1, . . . , xM}) = F

 

M
X

i=1

Φ(xi)

!

<latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ="></latexit><latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ="></latexit><latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ="></latexit><latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ="></latexit>

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

https://arxiv.org/abs/1703.06114
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Machine Learning for Point Clouds – Deep Sets
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Feature space

Variable length

Latent space

Deep Sets Theorem [63]. Let X ⊂ R
d be compact, X ⊂ 2X be the space of sets with bounded

cardinality of elements in X, and Y ⊂ R be a bounded interval. Consider a continuous

function f : X → Y that is invariant under permutations of its inputs, i.e. f(x1, . . . , xM ) =

f(x⇡(1), . . . , x⇡(M)) for all xi ∈ X and ⇡ ∈ SM . Then there exists a sufficiently large integer

` and continuous functions Φ : X → R
`, F : R`

→ Y such that the following holds to an

arbitrarily good approximation:1

[1703.06114]Deep Sets

Manzil Zaheer1,2, Satwik Kottur1, Siamak Ravanbhakhsh1,
Barnabás Póczos1, Ruslan Salakhutdinov1, Alexander J Smola1,2

1 Carnegie Mellon University 2 Amazon Web Services
{manzilz,skottur,mravanba,bapoczos,rsalakhu,smola}@cs.cmu.edu

General parametrization for a function of sets

f({x1, . . . , xM}) = F

 

M
X

i=1

Φ(xi)

!

<latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ="></latexit><latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ="></latexit><latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ="></latexit><latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ="></latexit>

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

https://arxiv.org/abs/1703.06114
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Approximating Φ and F with Neural Networks
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EFN : Oa =
MX

i=1

ziΦa(yi,φi)
<latexit sha1_base64="QWjeJlAda4kfW0xSuQf0OYl2nL0="></latexit><latexit sha1_base64="QWjeJlAda4kfW0xSuQf0OYl2nL0="></latexit><latexit sha1_base64="QWjeJlAda4kfW0xSuQf0OYl2nL0="></latexit><latexit sha1_base64="QWjeJlAda4kfW0xSuQf0OYl2nL0="></latexit>

PFN : Oa =
MX

i=1

Φa(zi, yi,φi, [pidi])
<latexit sha1_base64="KhmHhlUM3n7Yforh38hCnRRYNRI="></latexit><latexit sha1_base64="KhmHhlUM3n7Yforh38hCnRRYNRI="></latexit><latexit sha1_base64="KhmHhlUM3n7Yforh38hCnRRYNRI="></latexit><latexit sha1_base64="KhmHhlUM3n7Yforh38hCnRRYNRI="></latexit>
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LegendEmploy neural networks as arbitrary function approximators

Use fully-connected networks for simplicity

Default sizes –  Φ: (100, 100, ℓ),  F: (100, 100, 100)

[PTK, Metodiev, Thaler, JHEP 2019]

https://arxiv.org/abs/1810.05165
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Quark vs. Gluon: Classification Performance
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Quark vs. Gluon: Latent Dimension Sweep
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IRC unsafe information 
clearly helpful
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Ingredients for Z + Jet Case Study 
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q

g

Z

µ−

µ+

jet

Datasets publicly available
– With two additional Pythia tunes
– Accessible via EnergyFlow

 + Jet Events

“Data” – HERWIG 7.1.5
MC – PYTHIA 8.243, tune 26
1.6 million events each after cuts

Detector Simulation
CMS-like detector – DELPHES 3.4.2

Jets
Anti-  – FASTJET 3.3.2

 GeV, assume excellent muon 
detector resolution

Z( → μ+μ−)

kT, R = 0.4

pZ
T > 200

OmniFold Binder Demo

.
.
.

.
.
.

.
.
.

Particles Observable

Per-Particle Representation Event Representation

Φ
Φ
Φ

F

Energy/Particle Flow Network

Latent Space

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

– PFN-Ex:  input features
–  dense layers
–  dense layers
– ReLU activations, softmax output
– Categorical cross-entropy loss
– 20% validation sample
– 10 epoch patience

(pT, y, ϕ, PID)

Φ : (100, 100, 256)

F : (100,100,100)

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


Patrick Komiske – Simultaneous Unfolding with Deep Learning

OmniFolding Jet Substructure Observables
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Single OmniFold instantiation vs. repeated applications of IBU

OmniFold equals or outperforms IBU

Five unfolding iterations in all cases

Statistical uncertainties on prior shown in ratio

IRC unsafe IRC safe Sudakov safe

q
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Z
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µ+

jet

(See backup for more on soft drop)
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Additional OmniFolded Distributions
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pTj

∑
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pTi (yi − yJ)2 + (ϕi − ϕJ)2
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J = ∑
i∈jet

pμ
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pT fraction of first splitting to pass soft dropzg =



Patrick Komiske – Simultaneous Unfolding with Deep Learning

OmniFold Results by Event Representation
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User is free to choose event representation in the OmniFold procedure

OMNIFOLD – full phase space information

MULTIFOLD – multiple observables 

UNIFOLD – single observable, essentially unbinned IBU

Single MULTIFOLD training 
based on all six observables

Observable

Method m M w ln ρ τ21 zg

OmniFold 2.77 0.33 0.10 0.35 0.53 0.68

MultiFold 3.80 0.89 0.09 0.37 0.26 0.15

UniFold 8.82 1.46 0.15 0.59 1.11 0.59

IBU 9.31 1.51 0.11 0.71 1.10 0.37

Data 24.6 130 15.7 14.2 11.1 3.76

Generation 3.62 15 22.4 19 20.8 3.84

<latexit sha1_base64="mhlJ+Danvfh9mUsFJWE8d6yP/38="></latexit>

mass mult. width

groomed mass
N-subj. ratio

∆(p, q) =
1

2

Z
dλ

(p(λ)− q(λ))2

p(λ) + q(λ)
(×103)

<latexit sha1_base64="KN8eda/kCWGW7ZaJ5Z75XsNK/3Y="></latexit>

Evaluate performance using 
triangular discriminator

UNIFOLD is similar to or 
outperforms IBU

OMNIFOLD/MULTIFOLD outperforms IBU on all observables!

q

g

Z

µ−

µ+

jet
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EMD(E , E 0)
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When are Two Distributions Similar?

33

[Monge, 1781; Vaseršteĭn, 1969; Peleg, Werman, Rom, IEEE 1989; 
Rubner, Tomasi, Guibas, ICCV 1998, ICJV 2000; Pele, Werman, ECCV 2008; Pele, Taskar, GSI 2013]

Supply

Demand

Optimal transport cost

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

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
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[Peleg, Werman, Rom, IEEE 1989; Rubner, Tomasi, Guibas, ICCV 1998, ICJV 2000; Pele, Werman, ECCV 2008; Pele, Taskar, GSI 2013]

Provides a metric on normalized distributions in a space with a ground distance measure

symmetric, non-negative, triangle inequality, zero iff identical

φ
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ij
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E(n̂) =

MX
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Ei δ(n̂− n̂i)
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Optimal transport minimizes the “work" (stuff x distance) required to transport supply to demand

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
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[Peleg, Werman, Rom, IEEE 1989; Rubner, Tomasi, Guibas, ICCV 1998, ICJV 2000; Pele, Werman, ECCV 2008; Pele, Taskar, GSI 2013]

Provides a metric on normalized distributions in a space with a ground distance measure

symmetric, non-negative, triangle inequality, zero iff identical
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Optimal transport minimizes the “work" (stuff x distance) required to transport supply to demand

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
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[PTK, Metodiev, Thaler, PRL 2019]

θij
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Capacity constraints to ensure proper transport

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

E
<latexit sha1_base64="dRBfN4FplsU2N3EqpUos7UZLm/E="></latexit>

E
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E
00
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R: controls cost of transporting energy vs. destroying/creating it

: angular weighting exponentβ

Triangle inequality satisfied forR ≥ dmax/2
<latexit sha1_base64="edGHEExfzEaixqxDEo1+nDEeo0Y="></latexit>

0 ≤ EMD(E , E 0) ≤ EMD(E , E 00) + EMD(E 00
, E

0)
<latexit sha1_base64="+zmPsKcG0R3U9IVeOZ97W+27Rbw="></latexit>

i.e. jet radius for conical jetsR ≥

https://doi.org/10.1103/PhysRevLett.123.041801
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t-Distributed Stochastic Neighbor Embedding (t-SNE)
MNIST handwritten digits

[L. van der Maaten, G. Hinton, JMLR 2008 ]
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t-Distributed Stochastic Neighbor Embedding (t-SNE)
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[L. van der Maaten, G. Hinton, JMLR 2008 ]
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Gray contours represent the density of jets

Each circle is a particular W jet
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[PTK, Metodiev, Thaler, PRL 2019]

https://doi.org/10.1103/PhysRevLett.123.041801
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t-SNE Manifold Dimension 1
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[PTK, Mastandrea, Metodiev, Naik, Thaler, PRD 2019; code and datasets at energyflow.network]

Example jets sprinkled throughout

https://doi.org/10.1103/PhysRevD.101.034009
https://energyflow.network/docs/datasets/#cms-open-data-and-the-mod-hdf5-format
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25 most representative jets (“medoids”)
Size is proportional to number of jets associated to that medoid

https://doi.org/10.1103/PhysRevD.101.034009
https://energyflow.network/docs/datasets/#cms-open-data-and-the-mod-hdf5-format
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EMD: Intrinsic Dimension

Pythia 8.235,
√
s = 14 TeV

R = 1.0, pT ∈ [500, 550] GeV

Top jets

W jets

Decays

expect 1 + 1

expect 3 + 1

[Grassberger, Procaccia, PRL 1983; PTK, Metodiev, Thaler, PRL 2019]

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

dim(Q) = Q
∂

∂Q
ln

X

i

X

j

Θ(EMD(E i, E
0

j) < Q)

<latexit sha1_base64="XKuBaJ7fsvZeohVRYf7hETWOHbM="></latexit>

Nneigh.(Q) ∝ Qdim =⇒ dim(Q) = Q
d

dQ
lnNneigh.(Q)

<latexit sha1_base64="TwWtGcO0QQbG7yKasfTozXEthQo="></latexit>

dim ≃ 1 dim ≃ 2

dim ≃ 0dim → 0

Correlation dimension lessons:
Decays are "constant" dim. at low Q

*Preliminary LL calculation for QG jets in backup

https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.50.346
https://arxiv.org/abs/1902.02346
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EMD: Intrinsic Dimension

Pythia 8.235,
√
s = 14 TeV

R = 1.0, pT ∈ [500, 550] GeV

Top jets

W jets

QCD jets

Partons

Decays
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[Grassberger, Procaccia, PRL 1983; PTK, Metodiev, Thaler, PRL 2019]

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

dim(Q) = Q
∂

∂Q
ln

X

i

X

j

Θ(EMD(E i, E
0

j) < Q)
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Nneigh.(Q) ∝ Qdim =⇒ dim(Q) = Q
d

dQ
lnNneigh.(Q)

<latexit sha1_base64="TwWtGcO0QQbG7yKasfTozXEthQo="></latexit>

dim ≃ 1 dim ≃ 2

dim ≃ 0dim → 0

Correlation dimension lessons:
Decays are "constant" dim. at low Q
Complexity hierarchy: QCD < W < Top
Fragmentation increases dim. at smaller scales

*Preliminary LL calculation for QG jets in backup

https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.50.346
https://arxiv.org/abs/1902.02346
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[Grassberger, Procaccia, PRL 1983; PTK, Metodiev, Thaler, PRL 2019]

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

dim(Q) = Q
∂

∂Q
ln

X

i

X

j

Θ(EMD(E i, E
0

j) < Q)

<latexit sha1_base64="XKuBaJ7fsvZeohVRYf7hETWOHbM="></latexit>

Nneigh.(Q) ∝ Qdim =⇒ dim(Q) = Q
d

dQ
lnNneigh.(Q)

<latexit sha1_base64="TwWtGcO0QQbG7yKasfTozXEthQo="></latexit>

dim ≃ 1 dim ≃ 2

dim ≃ 0dim → 0

Correlation dimension lessons:
Decays are "constant" dim. at low Q
Complexity hierarchy: QCD < W < Top
Fragmentation increases dim. at smaller scales
Hadronization important around 20-30 GeV

*Preliminary LL calculation for QG jets in backup

https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.50.346
https://arxiv.org/abs/1902.02346
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[Grassberger, Procaccia, PRL 1983; PTK, Metodiev, Thaler, PRL 2019]

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

dim(Q) = Q
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ln
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Θ(EMD(E i, E
0

j) < Q)
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Nneigh.(Q) ∝ Qdim =⇒ dim(Q) = Q
d

dQ
lnNneigh.(Q)

<latexit sha1_base64="TwWtGcO0QQbG7yKasfTozXEthQo="></latexit>

dim ≃ 1 dim ≃ 2

dim ≃ 0dim → 0

Correlation dimension lessons:
Decays are "constant" dim. at low Q
Complexity hierarchy: QCD < W < Top
Fragmentation increases dim. at smaller scales
Hadronization important around 20-30 GeV

*Preliminary LL calculation for QG jets in backup
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CMS 2011 Open Data

CMS 2011 Simulation
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… in CMS Open Data

*More in backup

https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.50.346
https://arxiv.org/abs/1902.02346
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Weighted events naturally accommodated
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0

j) < Q)
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Larger detector effects and loss of stats seen at low Q

q

g

Z

µ−

µ+

jet

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

Nneigh.(Q) ∝ Qdim =⇒ dim(Q) = Q
d

dQ
lnNneigh.(Q)

<latexit sha1_base64="TwWtGcO0QQbG7yKasfTozXEthQo="></latexit>

dim ≃ 1 dim ≃ 2

dim ≃ 0dim → 0



Patrick Komiske – Simultaneous Unfolding with Deep Learning

Unfolding Beyond Observables

42

Weighted events naturally accommodated

dim(Q) = Q
∂

∂Q
ln
X

i

X

j

wiw
0

j Θ(EMD(Ei, E
0

j) < Q)

<latexit sha1_base64="eUfrLB7sBR1o9VF6WPl9I7LNO28="></latexit>

0

1

2

3

4

5

6

7

C
or
re
la
ti
on

D
im

en
si
on

D/T: Herwig 7.1.5 default

S/G: Pythia 8.243 tune 26

Delphes 3.4.2 CMS Detector

Z+jet: pZ
T

> 200 GeV, R = 0.4

p
jet

T
> 500 GeV, scaled to 500 GeV

“Data”

Sim.

OmniFold

“Truth”

Gen.

101 102

Energy Scale Q [GeV]

0.8

1.0

1.2

R
a
ti
o
to

T
ru

th

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

Larger detector effects and loss of stats seen at low Q

q

g

Z

µ−

µ+

jet

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

Nneigh.(Q) ∝ Qdim =⇒ dim(Q) = Q
d

dQ
lnNneigh.(Q)

<latexit sha1_base64="TwWtGcO0QQbG7yKasfTozXEthQo="></latexit>

dim ≃ 1 dim ≃ 2

dim ≃ 0dim → 0



Patrick Komiske – Simultaneous Unfolding with Deep Learning

Beyond Observables via Weighted Cross Sections

43

Fragmentation
partons  ! " # …

Collision

Detection
Hadronization
hadrons  $± &± …

'

'

Stress-energy flow

E(n̂) =

∞Z

0

dt lim
r→∞

r2niT0i(t, rn̂)

<latexit sha1_base64="lKsENDRrZXwsi7Bw2wmCLbyscx4="></latexit>

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

Standard observable (e.g. EFPs)
Calculate a single number for each jet/event 
and study distribution of values

Weighted cross section
Calculate a distributional quantity per event 
and study the mean distribution
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[PTK, Moult, Thaler, Zhu, to appear soon]

Standard observable (e.g. EFPs)
Calculate a single number for each jet/event 
and study distribution of values

Weighted cross section
Calculate a distributional quantity per event 
and study the mean distribution

dΣ

d cosφ
=

X
i,j

Z
dσ

EiEj

Q2
δ(cos θij − cosφ)

<latexit sha1_base64="5yGpO6o8vy3f+5jiWrIpGpGZqjY="></latexit>

e.g. energy-energy correlator (EEC)
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Standard observable (e.g. EFPs)
Calculate a single number for each jet/event 
and study distribution of values
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Calculate a distributional quantity per event 
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Correlations of energy flow operators can be directly studied!

Diagram by Ian Moult
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e.g. energy-energy correlator (EEC)
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– 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

– 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

– 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
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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

https://en.wikisource.org/wiki/The_Mountain_sat_upon_the_Plain
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Additional Slides
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Dealing with Uncertainties
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[Nachman, 1909.03081]

Sources of uncertainty in a statistical analysis Parametrized models could enable efficient 
profiling to handle systematic uncertainties

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

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

https://arxiv.org/abs/1909.03081
https://arxiv.org/abs/1601.07913
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Soft Drop
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Calculating mass on SD jetsSoft Drop algorithmContaminating radiation in jets 
necessitates grooming

Diagrams by Jesse Thaler
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[PTK, Metodiev, Thaler, to appear soon]

dim(Q) = Q
∂

∂Q
ln

X

i

X

j

Θ(EMD(E i, E
0

j) < Q)

<latexit sha1_base64="XKuBaJ7fsvZeohVRYf7hETWOHbM="></latexit>

Leading log (single emission) calculation:

dimi(Q) ' �

8αs

π

Ci ln
Q

pT /2
<latexit sha1_base64="3ldKcU13iH6A+DwXkyIZW8PkAjQ="></latexit>

color factor

Quark

CF = 4/3

Gluon

CA = 3
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Defining IRC Safety Precisely
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[Sterman, Weinberg, PRL 1997; Sterman, PRD 1978; Banfi, Salam, Zanderighi, JHEP 2005]

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

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
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<latexit sha1_base64="F9gCX1fxuBDAQh3AIhXiVu/Lf4M="></latexit>

Exact IRC invariance

Guarantees observable is well-defined on energy flows 

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

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

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

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
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Exact IRC invariance

Guarantees observable is well-defined on energy flows 

Allows for pathological observables, e.g. pseudo-multiplicity
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<latexit sha1_base64="mQ0QVF/Ecr7NfTXvr+0eZMnP9FI="></latexit>

Smooth IRC invariance

Eliminates common observables with hard boundaries

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

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

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


Patrick Komiske – Simultaneous Unfolding with Deep Learning

Defining IRC Safety Precisely

50

O(pµ
1
, . . . , p

µ
M ) = O(0pµ

0
, p

µ
1
, . . . , p

µ
M )

O(pµ
1
, . . . , p

µ
M ) = O(λpµ

1
, (1− λ)pµ

1
, . . . , p

µ
M )

<latexit sha1_base64="F9gCX1fxuBDAQh3AIhXiVu/Lf4M="></latexit>

Exact IRC invariance

Guarantees observable is well-defined on energy flows 

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

O(pµ
1
, . . . , p

µ
M ) = lim

✏→0

O(✏pµ
0
, p

µ
1
, . . . , p

µ
M )

O(pµ
1
, . . . , p

µ
M ) = lim

p
µ

0
→p

µ

1

O(�pµ
0
, (1− �)pµ

1
, . . . , p

µ
M )

<latexit sha1_base64="mQ0QVF/Ecr7NfTXvr+0eZMnP9FI="></latexit>

Smooth IRC invariance

Eliminates common observables with hard boundaries

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

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

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


Patrick Komiske – Simultaneous Unfolding with Deep Learning

More EMD Geometry – Continuity in the Space of Events
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<latexit sha1_base64="jgUrJhLGALjMeIyRRVBYIdUwEyk=">AAACLnicbZDLSsNAFIZP6q3WW73s3ASL4EJKIoJdFty4rGBboQ1lMj1ph04mYWYilJDn8DV8Abf6BoILcSc+htO0gm39YeDjP+fMOfx+zJnSjvNuFVZW19Y3ipulre2d3b3y/kFLRYmk2KQRj+S9TxRyJrCpmeZ4H0skoc+x7Y+uJ/X2A0rFInGnxzF6IRkIFjBKtLF6ZTft5p905MD3Uqfq5DpfgqyLsWI8ElmvXPk17WVwZ1CpH0GuRq/81e1HNAlRaMqJUh3XibWXEqkZ5ZiVuonCmNARGWDHoCAhKi/Nr8rsU+P07SCS5glt5+7fiZSESo1D33SGRA/VYm1i/lfrJDqoeSkTcaJR0OmiIOG2juxJTnafSaSajw0QKpm51aZDIgnVJs25LQGORRhnJROMuxjDMrQuqq5TdW8vK/XaNCEowjGcwBm4cAV1uIEGNIHCIzzDC7xaT9ab9WF9TlsL1mzmEOZkff8AvcOl4w==</latexit><latexit sha1_base64="jgUrJhLGALjMeIyRRVBYIdUwEyk=">AAACLnicbZDLSsNAFIZP6q3WW73s3ASL4EJKIoJdFty4rGBboQ1lMj1ph04mYWYilJDn8DV8Abf6BoILcSc+htO0gm39YeDjP+fMOfx+zJnSjvNuFVZW19Y3ipulre2d3b3y/kFLRYmk2KQRj+S9TxRyJrCpmeZ4H0skoc+x7Y+uJ/X2A0rFInGnxzF6IRkIFjBKtLF6ZTft5p905MD3Uqfq5DpfgqyLsWI8ElmvXPk17WVwZ1CpH0GuRq/81e1HNAlRaMqJUh3XibWXEqkZ5ZiVuonCmNARGWDHoCAhKi/Nr8rsU+P07SCS5glt5+7fiZSESo1D33SGRA/VYm1i/lfrJDqoeSkTcaJR0OmiIOG2juxJTnafSaSajw0QKpm51aZDIgnVJs25LQGORRhnJROMuxjDMrQuqq5TdW8vK/XaNCEowjGcwBm4cAV1uIEGNIHCIzzDC7xaT9ab9WF9TlsL1mzmEOZkff8AvcOl4w==</latexit><latexit sha1_base64="jgUrJhLGALjMeIyRRVBYIdUwEyk=">AAACLnicbZDLSsNAFIZP6q3WW73s3ASL4EJKIoJdFty4rGBboQ1lMj1ph04mYWYilJDn8DV8Abf6BoILcSc+htO0gm39YeDjP+fMOfx+zJnSjvNuFVZW19Y3ipulre2d3b3y/kFLRYmk2KQRj+S9TxRyJrCpmeZ4H0skoc+x7Y+uJ/X2A0rFInGnxzF6IRkIFjBKtLF6ZTft5p905MD3Uqfq5DpfgqyLsWI8ElmvXPk17WVwZ1CpH0GuRq/81e1HNAlRaMqJUh3XibWXEqkZ5ZiVuonCmNARGWDHoCAhKi/Nr8rsU+P07SCS5glt5+7fiZSESo1D33SGRA/VYm1i/lfrJDqoeSkTcaJR0OmiIOG2juxJTnafSaSajw0QKpm51aZDIgnVJs25LQGORRhnJROMuxjDMrQuqq5TdW8vK/XaNCEowjGcwBm4cAV1uIEGNIHCIzzDC7xaT9ab9WF9TlsL1mzmEOZkff8AvcOl4w==</latexit><latexit sha1_base64="nY45iuKraCLDFewaTX5iwTSikYs=">AAACLnicbZDLSsNAFIYn9VbrLerSTbAILqQkIthlwY3LCvYCTSiT6Uk7dDIJMxMhhDyHr+ELuNU3EFyIO/ExnKYRbOsPAx//OWfO4fdjRqWy7Xejsra+sblV3a7t7O7tH5iHR10ZJYJAh0QsEn0fS2CUQ0dRxaAfC8Chz6DnT29m9d4DCEkjfq/SGLwQjzkNKMFKW0PTydzik4EY+15mN+xCFyuQuxBLyiKeD836r2mtglNCHZVqD80vdxSRJASuCMNSDhw7Vl6GhaKEQV5zEwkxJlM8hoFGjkOQXlZclVtn2hlZQST048oq3L8TGQ6lTENfd4ZYTeRybWb+VxskKmh6GeVxooCT+aIgYZaKrFlO1ogKIIqlGjARVN9qkQkWmCid5sKWAFIexnlNB+Msx7AK3cuGYzecu6t6q1lGVEUn6BSdIwddoxa6RW3UQQQ9omf0gl6NJ+PN+DA+560Vo5w5Rgsyvn8ARReljw==</latexit>

δ

<latexit sha1_base64="CTit7owv6Rbo1QgImtmrLEJTECw=">AAACLHicbZDLSsNAFIZPvFtv8bJzEyyCC6mJCHZZcONSwVqhCWUyPWkHJ5MwMxFCyGP4Gr6AW30DNyJu+xxO0wpq/WHg4z/nzDn8YcqZ0q77bs3NLywuLa+s1tbWNza37O2dW5VkkmKbJjyRdyFRyJnAtmaa410qkcQhx054fzGudx5QKpaIG52nGMRkIFjEKNHG6tknhV990pWDMCjchlvpeAZKv49ck7Jn178tZxa8KdRbe1DpqmeP/H5CsxiFppwo1fXcVAcFkZpRjmXNzxSmhN6TAXYNChKjCorqptI5NE7fiRJpntBO5f6cKEisVB6HpjMmeqj+1sbmf7VupqNmUDCRZhoFnSyKMu7oxBmn5PSZRKp5boBQycytDh0SSag2Wf7aEmEu4rSsmWC8vzHMwu1pw3Mb3vVZvdWcJAQrsA8HcAQenEMLLuEK2kDhEZ7hBV6tJ+vN+rA+J61z1nRmF37JGn0B2F6k3w==</latexit><latexit sha1_base64="CTit7owv6Rbo1QgImtmrLEJTECw=">AAACLHicbZDLSsNAFIZPvFtv8bJzEyyCC6mJCHZZcONSwVqhCWUyPWkHJ5MwMxFCyGP4Gr6AW30DNyJu+xxO0wpq/WHg4z/nzDn8YcqZ0q77bs3NLywuLa+s1tbWNza37O2dW5VkkmKbJjyRdyFRyJnAtmaa410qkcQhx054fzGudx5QKpaIG52nGMRkIFjEKNHG6tknhV990pWDMCjchlvpeAZKv49ck7Jn178tZxa8KdRbe1DpqmeP/H5CsxiFppwo1fXcVAcFkZpRjmXNzxSmhN6TAXYNChKjCorqptI5NE7fiRJpntBO5f6cKEisVB6HpjMmeqj+1sbmf7VupqNmUDCRZhoFnSyKMu7oxBmn5PSZRKp5boBQycytDh0SSag2Wf7aEmEu4rSsmWC8vzHMwu1pw3Mb3vVZvdWcJAQrsA8HcAQenEMLLuEK2kDhEZ7hBV6tJ+vN+rA+J61z1nRmF37JGn0B2F6k3w==</latexit><latexit sha1_base64="CTit7owv6Rbo1QgImtmrLEJTECw=">AAACLHicbZDLSsNAFIZPvFtv8bJzEyyCC6mJCHZZcONSwVqhCWUyPWkHJ5MwMxFCyGP4Gr6AW30DNyJu+xxO0wpq/WHg4z/nzDn8YcqZ0q77bs3NLywuLa+s1tbWNza37O2dW5VkkmKbJjyRdyFRyJnAtmaa410qkcQhx054fzGudx5QKpaIG52nGMRkIFjEKNHG6tknhV990pWDMCjchlvpeAZKv49ck7Jn178tZxa8KdRbe1DpqmeP/H5CsxiFppwo1fXcVAcFkZpRjmXNzxSmhN6TAXYNChKjCorqptI5NE7fiRJpntBO5f6cKEisVB6HpjMmeqj+1sbmf7VupqNmUDCRZhoFnSyKMu7oxBmn5PSZRKp5boBQycytDh0SSag2Wf7aEmEu4rSsmWC8vzHMwu1pw3Mb3vVZvdWcJAQrsA8HcAQenEMLLuEK2kDhEZ7hBV6tJ+vN+rA+J61z1nRmF37JGn0B2F6k3w==</latexit><latexit sha1_base64="3pF/Jb7/cAnqPIgLpv26uMSvwlE=">AAACLHicbZDNSsNAFIUn9a/Wv6pLN4NFcCE1EcEuC25cVrCtkIQymd60QyeTMDMRSshj+Bq+gFt9AzcibvscTtsItvXAwMe59869nCDhTGnb/rRKa+sbm1vl7crO7t7+QfXwqKPiVFJo05jH8jEgCjgT0NZMc3hMJJAo4NANRrfTevcJpGKxeNDjBPyIDAQLGSXaWL3qZebNPnHlIPAzu27PdLECudcHrkneq9Z+LbwKTgE1VKjVq068fkzTCISmnCjlOnai/YxIzSiHvOKlChJCR2QArkFBIlB+Nrspx2fG6eMwluYJjWfu34mMREqNo8B0RkQP1XJtav5Xc1MdNvyMiSTVIOh8UZhyrGM8TQn3mQSq+dgAoZKZWzEdEkmoNlkubAlhLKIkr5hgnOUYVqFzVXfsunN/XWs2iojK6ASdonPkoBvURHeohdqIomf0it7Qu/VifVhf1ve8tWQVM8doQdbkB1+ypIs=</latexit>

An observable O is EMD continuous at an event E if, for
any ✏ > 0, there exists a � > 0 such that for all events E 0:

EMD(E , E 0) < � =⇒ |O(E)−O(E 0)| < ✏.

<latexit sha1_base64="i51gici9SArRx4fYDtAj5Q4j0wQ="></latexit>

Classic  definition of continuity in a metric spaceϵ − δ

[PTK, Metodiev, Thaler, 2004.04159]

https://arxiv.org/abs/2004.04159
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E

<latexit sha1_base64="yvFx+StuSuW/bUaEGokakvU66aw=">AAACBnicdVDJSgNBEK2JW4xbXG5eGoPgaZgRIfEWEMFjBLPAJISeTk/SpKd76O4RwpC7P+BV/8CbePU3/AG/w85Ewbg8KHi8V0VVvTDhTBvPe3MKS8srq2vF9dLG5tb2Tnl3r6VlqghtEsml6oRYU84EbRpmOO0kiuI45LQdji9mfvuWKs2kuDGThPZiPBQsYgQbKwXdGJsRwTy7nPbLFc89r3oW6DfxXS9HpX4AORr98nt3IEkaU2EIx1oHvpeYXoaVYYTTaambappgMsZDGlgqcEx1L8tPnqJjqwxQJJUtYVCufp/IcKz1JA5t5+xE/dObiX95QWqiWi9jIkkNFWS+KEo5MhLN/kcDpigxfGIJJorZWxEZYYWJsSktbInoRMTJtGSD+foe/U9ap67vuf71WaVemycERTiEIzgBH6pQhytoQBMISLiHB3h07pwn59l5mbcWnM+ZfViA8/oBqDOaUw==</latexit><latexit sha1_base64="yvFx+StuSuW/bUaEGokakvU66aw=">AAACBnicdVDJSgNBEK2JW4xbXG5eGoPgaZgRIfEWEMFjBLPAJISeTk/SpKd76O4RwpC7P+BV/8CbePU3/AG/w85Ewbg8KHi8V0VVvTDhTBvPe3MKS8srq2vF9dLG5tb2Tnl3r6VlqghtEsml6oRYU84EbRpmOO0kiuI45LQdji9mfvuWKs2kuDGThPZiPBQsYgQbKwXdGJsRwTy7nPbLFc89r3oW6DfxXS9HpX4AORr98nt3IEkaU2EIx1oHvpeYXoaVYYTTaambappgMsZDGlgqcEx1L8tPnqJjqwxQJJUtYVCufp/IcKz1JA5t5+xE/dObiX95QWqiWi9jIkkNFWS+KEo5MhLN/kcDpigxfGIJJorZWxEZYYWJsSktbInoRMTJtGSD+foe/U9ap67vuf71WaVemycERTiEIzgBH6pQhytoQBMISLiHB3h07pwn59l5mbcWnM+ZfViA8/oBqDOaUw==</latexit><latexit sha1_base64="yvFx+StuSuW/bUaEGokakvU66aw=">AAACBnicdVDJSgNBEK2JW4xbXG5eGoPgaZgRIfEWEMFjBLPAJISeTk/SpKd76O4RwpC7P+BV/8CbePU3/AG/w85Ewbg8KHi8V0VVvTDhTBvPe3MKS8srq2vF9dLG5tb2Tnl3r6VlqghtEsml6oRYU84EbRpmOO0kiuI45LQdji9mfvuWKs2kuDGThPZiPBQsYgQbKwXdGJsRwTy7nPbLFc89r3oW6DfxXS9HpX4AORr98nt3IEkaU2EIx1oHvpeYXoaVYYTTaambappgMsZDGlgqcEx1L8tPnqJjqwxQJJUtYVCufp/IcKz1JA5t5+xE/dObiX95QWqiWi9jIkkNFWS+KEo5MhLN/kcDpigxfGIJJorZWxEZYYWJsSktbInoRMTJtGSD+foe/U9ap67vuf71WaVemycERTiEIzgBH6pQhytoQBMISLiHB3h07pwn59l5mbcWnM+ZfViA8/oBqDOaUw==</latexit><latexit sha1_base64="PtXXnmdCsMbXLaN+2VpDyN1cQaM=">AAACBnicdVDLSsNAFJ3UV62vqks3g0VwVRIRWncFEVxWsA9IQ5lMJ+3QeYSZiRBC9v6AW/0Dd+LW3/AH/A4nbQXr48CFwzn3cu89YcyoNq777pRWVtfWN8qbla3tnd296v5BV8tEYdLBkknVD5EmjArSMdQw0o8VQTxkpBdOLwu/d0eUplLcmjQmAUdjQSOKkbGSP+DITDBi2VU+rNbc+kXDtYC/iVd3Z6iBBdrD6sdgJHHCiTCYIa19z41NkCFlKGYkrwwSTWKEp2hMfEsF4kQH2ezkHJ5YZQQjqWwJA2fq94kMca1THtrO4kT90yvEvzw/MVEzyKiIE0MEni+KEgaNhMX/cEQVwYalliCsqL0V4glSCBub0tKWiKSCx3nFBvP1PfyfdM/qnlv3bs5rreYiojI4AsfgFHigAVrgGrRBB2AgwQN4BE/OvfPsvDiv89aSs5g5BEtw3j4BL4eZ/w==</latexit>

O

<latexit sha1_base64="rVPSFT0/LT/ZtFtiMLZrAq8saKA=">AAACMXicbVDLSsNAFL2pr1pf8bFzEyyCCymJFOyy4MadFWwtpKFMppN26GQSZiZCCfkRf8MfcKt/0J24cONPOEkr2NYDA4dz7p17OH7MqFS2PTVKa+sbm1vl7crO7t7+gXl41JFRIjBp44hFousjSRjlpK2oYqQbC4JCn5FHf3yT+49PREga8Qc1iYkXoiGnAcVIaalv1tNe8Ykrhr6X2jW7wOUKyXohUiOMWHqXZX2z+qtbq8SZk2rzBAq0+uZXbxDhJCRcYYakdB07Vl6KhKKYkazSSySJER6jIXE15Sgk0kuLYJl1rpWBFURCP66sQv27kaJQykno68k8o1z2cvE/z01U0PBSyuNEEY5nh4KEWSqy8qqsARUEKzbRBGFBdVYLj5BAWOlCF64EZMLDOKvoYpzlGlZJ56rm2DXnvl5tNmYNQRlO4QwuwIFraMIttKANGJ7hFd7g3XgxpsaH8TkbLRnznWNYgPH9AzBwpyg=</latexit><latexit sha1_base64="rVPSFT0/LT/ZtFtiMLZrAq8saKA=">AAACMXicbVDLSsNAFL2pr1pf8bFzEyyCCymJFOyy4MadFWwtpKFMppN26GQSZiZCCfkRf8MfcKt/0J24cONPOEkr2NYDA4dz7p17OH7MqFS2PTVKa+sbm1vl7crO7t7+gXl41JFRIjBp44hFousjSRjlpK2oYqQbC4JCn5FHf3yT+49PREga8Qc1iYkXoiGnAcVIaalv1tNe8Ykrhr6X2jW7wOUKyXohUiOMWHqXZX2z+qtbq8SZk2rzBAq0+uZXbxDhJCRcYYakdB07Vl6KhKKYkazSSySJER6jIXE15Sgk0kuLYJl1rpWBFURCP66sQv27kaJQykno68k8o1z2cvE/z01U0PBSyuNEEY5nh4KEWSqy8qqsARUEKzbRBGFBdVYLj5BAWOlCF64EZMLDOKvoYpzlGlZJ56rm2DXnvl5tNmYNQRlO4QwuwIFraMIttKANGJ7hFd7g3XgxpsaH8TkbLRnznWNYgPH9AzBwpyg=</latexit><latexit sha1_base64="rVPSFT0/LT/ZtFtiMLZrAq8saKA=">AAACMXicbVDLSsNAFL2pr1pf8bFzEyyCCymJFOyy4MadFWwtpKFMppN26GQSZiZCCfkRf8MfcKt/0J24cONPOEkr2NYDA4dz7p17OH7MqFS2PTVKa+sbm1vl7crO7t7+gXl41JFRIjBp44hFousjSRjlpK2oYqQbC4JCn5FHf3yT+49PREga8Qc1iYkXoiGnAcVIaalv1tNe8Ykrhr6X2jW7wOUKyXohUiOMWHqXZX2z+qtbq8SZk2rzBAq0+uZXbxDhJCRcYYakdB07Vl6KhKKYkazSSySJER6jIXE15Sgk0kuLYJl1rpWBFURCP66sQv27kaJQykno68k8o1z2cvE/z01U0PBSyuNEEY5nh4KEWSqy8qqsARUEKzbRBGFBdVYLj5BAWOlCF64EZMLDOKvoYpzlGlZJ56rm2DXnvl5tNmYNQRlO4QwuwIFraMIttKANGJ7hFd7g3XgxpsaH8TkbLRnznWNYgPH9AzBwpyg=</latexit><latexit sha1_base64="c3dlULjjkQs/xfG9TzGp85KsY9s=">AAACMXicbVDLSsNAFJ3UV62vqEs3g0VwISWRgl0W3Lizgn1AGspkOmmHTiZhZiKEkB/xN/wBt/oH3YkLN/6EkzSCbT0wcDjn3rmH40WMSmVZc6Oysbm1vVPdre3tHxwemccnPRnGApMuDlkoBh6ShFFOuooqRgaRICjwGOl7s9vc7z8RIWnIH1USETdAE059ipHS0shspsPiE0dMPDe1GlaBqzWSDQOkphix9D7LRmb9V4frxC5JHZTojMyv4TjEcUC4wgxJ6dhWpNwUCUUxI1ltGEsSITxDE+JoylFApJsWwTJ4oZUx9EOhH1ewUP9upCiQMgk8PZlnlKteLv7nObHyW25KeRQrwvHikB8zqEKYVwXHVBCsWKIJwoLqrBBPkUBY6UKXrvgk4UGU1XQx9moN66R33bCthv3QrLdbZUVVcAbOwSWwwQ1ogzvQAV2AwTN4BW/g3Xgx5saH8bkYrRjlzilYgvH9A7e1ptQ=</latexit>

E
0

<latexit sha1_base64="0o64kQWULZqPqWN7iJFUCGwJWeI=">AAACB3icdVDLSgMxFL1TX7W+6mPnJlhEV2VGhNZdQQSXFWwttEPJpJk2NJMJSUYYhn6AP+BW/8CduPUz/AG/w3SqYH0cCBzOuZd7cgLJmTau++YUFhaXlleKq6W19Y3NrfL2TlvHiSK0RWIeq06ANeVM0JZhhtOOVBRHAac3wfh86t/cUqVZLK5NKqkf4aFgISPYWKnXi7AZEcyzi8lRv1xxq2c11wL9Jl7VzVFp7EGOZr/83hvEJImoMIRjrbueK42fYWUY4XRS6iWaSkzGeEi7lgocUe1neeYJOrTKAIWxsk8YlKvfNzIcaZ1GgZ2cZtQ/van4l9dNTFj3MyZkYqggs0NhwpGJ0bQANGCKEsNTSzBRzGZFZIQVJsbWNHclpKmI5KRki/n6PfqftE+qnlv1rk4rjfqsISjCPhzAMXhQgwZcQhNaQEDCPTzAo3PnPDnPzststOB87uzCHJzXDw/pmoQ=</latexit><latexit sha1_base64="0o64kQWULZqPqWN7iJFUCGwJWeI=">AAACB3icdVDLSgMxFL1TX7W+6mPnJlhEV2VGhNZdQQSXFWwttEPJpJk2NJMJSUYYhn6AP+BW/8CduPUz/AG/w3SqYH0cCBzOuZd7cgLJmTau++YUFhaXlleKq6W19Y3NrfL2TlvHiSK0RWIeq06ANeVM0JZhhtOOVBRHAac3wfh86t/cUqVZLK5NKqkf4aFgISPYWKnXi7AZEcyzi8lRv1xxq2c11wL9Jl7VzVFp7EGOZr/83hvEJImoMIRjrbueK42fYWUY4XRS6iWaSkzGeEi7lgocUe1neeYJOrTKAIWxsk8YlKvfNzIcaZ1GgZ2cZtQ/van4l9dNTFj3MyZkYqggs0NhwpGJ0bQANGCKEsNTSzBRzGZFZIQVJsbWNHclpKmI5KRki/n6PfqftE+qnlv1rk4rjfqsISjCPhzAMXhQgwZcQhNaQEDCPTzAo3PnPDnPzststOB87uzCHJzXDw/pmoQ=</latexit><latexit sha1_base64="0o64kQWULZqPqWN7iJFUCGwJWeI=">AAACB3icdVDLSgMxFL1TX7W+6mPnJlhEV2VGhNZdQQSXFWwttEPJpJk2NJMJSUYYhn6AP+BW/8CduPUz/AG/w3SqYH0cCBzOuZd7cgLJmTau++YUFhaXlleKq6W19Y3NrfL2TlvHiSK0RWIeq06ANeVM0JZhhtOOVBRHAac3wfh86t/cUqVZLK5NKqkf4aFgISPYWKnXi7AZEcyzi8lRv1xxq2c11wL9Jl7VzVFp7EGOZr/83hvEJImoMIRjrbueK42fYWUY4XRS6iWaSkzGeEi7lgocUe1neeYJOrTKAIWxsk8YlKvfNzIcaZ1GgZ2cZtQ/van4l9dNTFj3MyZkYqggs0NhwpGJ0bQANGCKEsNTSzBRzGZFZIQVJsbWNHclpKmI5KRki/n6PfqftE+qnlv1rk4rjfqsISjCPhzAMXhQgwZcQhNaQEDCPTzAo3PnPDnPzststOB87uzCHJzXDw/pmoQ=</latexit><latexit sha1_base64="gegd3AJG8TEzIfq9YwTW3G7srgs=">AAACB3icdVDLSgMxFM34rPVVdekmWERXw4wIrbuCCC4r2Ad0hpJJM21okglJRijDfIA/4Fb/wJ249TP8Ab/DTFvB+jgQOJxzL/fkRJJRbTzv3VlaXlldWy9tlDe3tnd2K3v7bZ2kCpMWTliiuhHShFFBWoYaRrpSEcQjRjrR+LLwO3dEaZqIWzORJORoKGhMMTJWCgKOzAgjll3lJ/1K1XMvap4F/E1815uiCuZo9isfwSDBKSfCYIa07vmeNGGGlKGYkbwcpJpIhMdoSHqWCsSJDrNp5hweW2UA40TZJwycqt83MsS1nvDIThYZ9U+vEP/yeqmJ62FGhUwNEXh2KE4ZNAksCoADqgg2bGIJworarBCPkELY2JoWrsRkIrjMy7aYr9/D/0n7zPU91785rzbq84pK4BAcgVPggxpogGvQBC2AgQQP4BE8OffOs/PivM5Gl5z5zgFYgPP2CZcumjA=</latexit>

✏
<latexit sha1_base64="jgUrJhLGALjMeIyRRVBYIdUwEyk=">AAACLnicbZDLSsNAFIZP6q3WW73s3ASL4EJKIoJdFty4rGBboQ1lMj1ph04mYWYilJDn8DV8Abf6BoILcSc+htO0gm39YeDjP+fMOfx+zJnSjvNuFVZW19Y3ipulre2d3b3y/kFLRYmk2KQRj+S9TxRyJrCpmeZ4H0skoc+x7Y+uJ/X2A0rFInGnxzF6IRkIFjBKtLF6ZTft5p905MD3Uqfq5DpfgqyLsWI8ElmvXPk17WVwZ1CpH0GuRq/81e1HNAlRaMqJUh3XibWXEqkZ5ZiVuonCmNARGWDHoCAhKi/Nr8rsU+P07SCS5glt5+7fiZSESo1D33SGRA/VYm1i/lfrJDqoeSkTcaJR0OmiIOG2juxJTnafSaSajw0QKpm51aZDIgnVJs25LQGORRhnJROMuxjDMrQuqq5TdW8vK/XaNCEowjGcwBm4cAV1uIEGNIHCIzzDC7xaT9ab9WF9TlsL1mzmEOZkff8AvcOl4w==</latexit><latexit sha1_base64="jgUrJhLGALjMeIyRRVBYIdUwEyk=">AAACLnicbZDLSsNAFIZP6q3WW73s3ASL4EJKIoJdFty4rGBboQ1lMj1ph04mYWYilJDn8DV8Abf6BoILcSc+htO0gm39YeDjP+fMOfx+zJnSjvNuFVZW19Y3ipulre2d3b3y/kFLRYmk2KQRj+S9TxRyJrCpmeZ4H0skoc+x7Y+uJ/X2A0rFInGnxzF6IRkIFjBKtLF6ZTft5p905MD3Uqfq5DpfgqyLsWI8ElmvXPk17WVwZ1CpH0GuRq/81e1HNAlRaMqJUh3XibWXEqkZ5ZiVuonCmNARGWDHoCAhKi/Nr8rsU+P07SCS5glt5+7fiZSESo1D33SGRA/VYm1i/lfrJDqoeSkTcaJR0OmiIOG2juxJTnafSaSajw0QKpm51aZDIgnVJs25LQGORRhnJROMuxjDMrQuqq5TdW8vK/XaNCEowjGcwBm4cAV1uIEGNIHCIzzDC7xaT9ab9WF9TlsL1mzmEOZkff8AvcOl4w==</latexit><latexit sha1_base64="jgUrJhLGALjMeIyRRVBYIdUwEyk=">AAACLnicbZDLSsNAFIZP6q3WW73s3ASL4EJKIoJdFty4rGBboQ1lMj1ph04mYWYilJDn8DV8Abf6BoILcSc+htO0gm39YeDjP+fMOfx+zJnSjvNuFVZW19Y3ipulre2d3b3y/kFLRYmk2KQRj+S9TxRyJrCpmeZ4H0skoc+x7Y+uJ/X2A0rFInGnxzF6IRkIFjBKtLF6ZTft5p905MD3Uqfq5DpfgqyLsWI8ElmvXPk17WVwZ1CpH0GuRq/81e1HNAlRaMqJUh3XibWXEqkZ5ZiVuonCmNARGWDHoCAhKi/Nr8rsU+P07SCS5glt5+7fiZSESo1D33SGRA/VYm1i/lfrJDqoeSkTcaJR0OmiIOG2juxJTnafSaSajw0QKpm51aZDIgnVJs25LQGORRhnJROMuxjDMrQuqq5TdW8vK/XaNCEowjGcwBm4cAV1uIEGNIHCIzzDC7xaT9ab9WF9TlsL1mzmEOZkff8AvcOl4w==</latexit><latexit sha1_base64="nY45iuKraCLDFewaTX5iwTSikYs=">AAACLnicbZDLSsNAFIYn9VbrLerSTbAILqQkIthlwY3LCvYCTSiT6Uk7dDIJMxMhhDyHr+ELuNU3EFyIO/ExnKYRbOsPAx//OWfO4fdjRqWy7Xejsra+sblV3a7t7O7tH5iHR10ZJYJAh0QsEn0fS2CUQ0dRxaAfC8Chz6DnT29m9d4DCEkjfq/SGLwQjzkNKMFKW0PTydzik4EY+15mN+xCFyuQuxBLyiKeD836r2mtglNCHZVqD80vdxSRJASuCMNSDhw7Vl6GhaKEQV5zEwkxJlM8hoFGjkOQXlZclVtn2hlZQST048oq3L8TGQ6lTENfd4ZYTeRybWb+VxskKmh6GeVxooCT+aIgYZaKrFlO1ogKIIqlGjARVN9qkQkWmCid5sKWAFIexnlNB+Msx7AK3cuGYzecu6t6q1lGVEUn6BSdIwddoxa6RW3UQQQ9omf0gl6NJ+PN+DA+560Vo5w5Rgsyvn8ARReljw==</latexit>

δ

<latexit sha1_base64="CTit7owv6Rbo1QgImtmrLEJTECw=">AAACLHicbZDLSsNAFIZPvFtv8bJzEyyCC6mJCHZZcONSwVqhCWUyPWkHJ5MwMxFCyGP4Gr6AW30DNyJu+xxO0wpq/WHg4z/nzDn8YcqZ0q77bs3NLywuLa+s1tbWNza37O2dW5VkkmKbJjyRdyFRyJnAtmaa410qkcQhx054fzGudx5QKpaIG52nGMRkIFjEKNHG6tknhV990pWDMCjchlvpeAZKv49ck7Jn178tZxa8KdRbe1DpqmeP/H5CsxiFppwo1fXcVAcFkZpRjmXNzxSmhN6TAXYNChKjCorqptI5NE7fiRJpntBO5f6cKEisVB6HpjMmeqj+1sbmf7VupqNmUDCRZhoFnSyKMu7oxBmn5PSZRKp5boBQycytDh0SSag2Wf7aEmEu4rSsmWC8vzHMwu1pw3Mb3vVZvdWcJAQrsA8HcAQenEMLLuEK2kDhEZ7hBV6tJ+vN+rA+J61z1nRmF37JGn0B2F6k3w==</latexit><latexit sha1_base64="CTit7owv6Rbo1QgImtmrLEJTECw=">AAACLHicbZDLSsNAFIZPvFtv8bJzEyyCC6mJCHZZcONSwVqhCWUyPWkHJ5MwMxFCyGP4Gr6AW30DNyJu+xxO0wpq/WHg4z/nzDn8YcqZ0q77bs3NLywuLa+s1tbWNza37O2dW5VkkmKbJjyRdyFRyJnAtmaa410qkcQhx054fzGudx5QKpaIG52nGMRkIFjEKNHG6tknhV990pWDMCjchlvpeAZKv49ck7Jn178tZxa8KdRbe1DpqmeP/H5CsxiFppwo1fXcVAcFkZpRjmXNzxSmhN6TAXYNChKjCorqptI5NE7fiRJpntBO5f6cKEisVB6HpjMmeqj+1sbmf7VupqNmUDCRZhoFnSyKMu7oxBmn5PSZRKp5boBQycytDh0SSag2Wf7aEmEu4rSsmWC8vzHMwu1pw3Mb3vVZvdWcJAQrsA8HcAQenEMLLuEK2kDhEZ7hBV6tJ+vN+rA+J61z1nRmF37JGn0B2F6k3w==</latexit><latexit sha1_base64="CTit7owv6Rbo1QgImtmrLEJTECw=">AAACLHicbZDLSsNAFIZPvFtv8bJzEyyCC6mJCHZZcONSwVqhCWUyPWkHJ5MwMxFCyGP4Gr6AW30DNyJu+xxO0wpq/WHg4z/nzDn8YcqZ0q77bs3NLywuLa+s1tbWNza37O2dW5VkkmKbJjyRdyFRyJnAtmaa410qkcQhx054fzGudx5QKpaIG52nGMRkIFjEKNHG6tknhV990pWDMCjchlvpeAZKv49ck7Jn178tZxa8KdRbe1DpqmeP/H5CsxiFppwo1fXcVAcFkZpRjmXNzxSmhN6TAXYNChKjCorqptI5NE7fiRJpntBO5f6cKEisVB6HpjMmeqj+1sbmf7VupqNmUDCRZhoFnSyKMu7oxBmn5PSZRKp5boBQycytDh0SSag2Wf7aEmEu4rSsmWC8vzHMwu1pw3Mb3vVZvdWcJAQrsA8HcAQenEMLLuEK2kDhEZ7hBV6tJ+vN+rA+J61z1nRmF37JGn0B2F6k3w==</latexit><latexit sha1_base64="3pF/Jb7/cAnqPIgLpv26uMSvwlE=">AAACLHicbZDNSsNAFIUn9a/Wv6pLN4NFcCE1EcEuC25cVrCtkIQymd60QyeTMDMRSshj+Bq+gFt9AzcibvscTtsItvXAwMe59869nCDhTGnb/rRKa+sbm1vl7crO7t7+QfXwqKPiVFJo05jH8jEgCjgT0NZMc3hMJJAo4NANRrfTevcJpGKxeNDjBPyIDAQLGSXaWL3qZebNPnHlIPAzu27PdLECudcHrkneq9Z+LbwKTgE1VKjVq068fkzTCISmnCjlOnai/YxIzSiHvOKlChJCR2QArkFBIlB+Nrspx2fG6eMwluYJjWfu34mMREqNo8B0RkQP1XJtav5Xc1MdNvyMiSTVIOh8UZhyrGM8TQn3mQSq+dgAoZKZWzEdEkmoNlkubAlhLKIkr5hgnOUYVqFzVXfsunN/XWs2iojK6ASdonPkoBvURHeohdqIomf0it7Qu/VifVhf1ve8tWQVM8doQdbkB1+ypIs=</latexit>

An observable O is EMD continuous at an event E if, for
any ✏ > 0, there exists a � > 0 such that for all events E 0:

EMD(E , E 0) < � =⇒ |O(E)−O(E 0)| < ✏.

<latexit sha1_base64="i51gici9SArRx4fYDtAj5Q4j0wQ="></latexit>

Classic  definition of continuity in a metric spaceϵ − δ

[PTK, Metodiev, Thaler, 2004.04159]

IRC Safety = EMD Continuity*

Towards a geometric definition of IRC Safety

*on all but a negligible set‡ of events

‡a negligible set is one that contains no positive-radius EMD-ball

…

https://arxiv.org/abs/2004.04159
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Infrared singularities of massless 
gauge theories appear on each PN

✏ → 0
<latexit sha1_base64="+7VgSN6bIS94rg923ECXL9Ylmgg="></latexit> λ

<latexit sha1_base64="wXk7AmmngymkoNcky3vNULvpq4c="></latexit>

1− λ
<latexit sha1_base64="feDmrmhe5e0qNCrjBVSp9Fat0fI="></latexit>

Soft Collinear

PN

<latexit sha1_base64="JsZOYfja2vHFGx/cDtLrSJZ4kCM=">AAACDHicdVDLSgMxFL1T3/XR8bFzEyyCqyFTq627ghtXUsGq0JaSSTNtaCYzJBmhDPML/oBb/QN34tZ/8Af8DtNWQUUPBA7n3Ms9OUEiuDYYvzmFufmFxaXlleLq2vpGyd3cutJxqihr0VjE6iYgmgkuWctwI9hNohiJAsGug9HpxL++ZUrzWF6accK6ERlIHnJKjJV6bqkTETOkRGTNvJed5z23jD18XPUrPsLeEfbrFTwjJ7VD5Ht4inJjB6Zo9tz3Tj+macSkoYJo3fZxYroZUYZTwfJiJ9UsIXREBqxtqSQR091sGjxH+1bpozBW9kmDpur3jYxEWo+jwE5OYurf3kT8y2unJqx3My6T1DBJZ4fCVCATo0kLqM8Vo0aMLSFUcZsV0SFRhBrb1Y8rIRvLKMmLtpiv36P/yVXF87HnX1TLjfqsIViGXdiDA/ChBg04gya0gEIK9/AAj86d8+Q8Oy+z0YLzubMNP+C8fgCFmZxj</latexit><latexit sha1_base64="JsZOYfja2vHFGx/cDtLrSJZ4kCM=">AAACDHicdVDLSgMxFL1T3/XR8bFzEyyCqyFTq627ghtXUsGq0JaSSTNtaCYzJBmhDPML/oBb/QN34tZ/8Af8DtNWQUUPBA7n3Ms9OUEiuDYYvzmFufmFxaXlleLq2vpGyd3cutJxqihr0VjE6iYgmgkuWctwI9hNohiJAsGug9HpxL++ZUrzWF6accK6ERlIHnJKjJV6bqkTETOkRGTNvJed5z23jD18XPUrPsLeEfbrFTwjJ7VD5Ht4inJjB6Zo9tz3Tj+macSkoYJo3fZxYroZUYZTwfJiJ9UsIXREBqxtqSQR091sGjxH+1bpozBW9kmDpur3jYxEWo+jwE5OYurf3kT8y2unJqx3My6T1DBJZ4fCVCATo0kLqM8Vo0aMLSFUcZsV0SFRhBrb1Y8rIRvLKMmLtpiv36P/yVXF87HnX1TLjfqsIViGXdiDA/ChBg04gya0gEIK9/AAj86d8+Q8Oy+z0YLzubMNP+C8fgCFmZxj</latexit><latexit sha1_base64="JsZOYfja2vHFGx/cDtLrSJZ4kCM=">AAACDHicdVDLSgMxFL1T3/XR8bFzEyyCqyFTq627ghtXUsGq0JaSSTNtaCYzJBmhDPML/oBb/QN34tZ/8Af8DtNWQUUPBA7n3Ms9OUEiuDYYvzmFufmFxaXlleLq2vpGyd3cutJxqihr0VjE6iYgmgkuWctwI9hNohiJAsGug9HpxL++ZUrzWF6accK6ERlIHnJKjJV6bqkTETOkRGTNvJed5z23jD18XPUrPsLeEfbrFTwjJ7VD5Ht4inJjB6Zo9tz3Tj+macSkoYJo3fZxYroZUYZTwfJiJ9UsIXREBqxtqSQR091sGjxH+1bpozBW9kmDpur3jYxEWo+jwE5OYurf3kT8y2unJqx3My6T1DBJZ4fCVCATo0kLqM8Vo0aMLSFUcZsV0SFRhBrb1Y8rIRvLKMmLtpiv36P/yVXF87HnX1TLjfqsIViGXdiDA/ChBg04gya0gEIK9/AAj86d8+Q8Oy+z0YLzubMNP+C8fgCFmZxj</latexit><latexit sha1_base64="7cLdUU0n89KEDkB05clWTPEiXwM=">AAACDHicdVDLSgMxFM34rPXRUZdugkVwNWRqtXVXcONKKtgHtEPJpJk2NJMZkoxQhvkFf8Ct/oE7ces/+AN+h5m2ghU9EDiccy/35PgxZ0oj9GGtrK6tb2wWtorbO7t7JXv/oK2iRBLaIhGPZNfHinImaEszzWk3lhSHPqcdf3KV+517KhWLxJ2extQL8UiwgBGsjTSwS/0Q6zHBPG1mg/QmG9hl5KCLqltxIXLOkVuvoDm5rJ1B10EzlMECzYH92R9GJAmp0IRjpXouirWXYqkZ4TQr9hNFY0wmeER7hgocUuWls+AZPDHKEAaRNE9oOFN/bqQ4VGoa+mYyj6l+e7n4l9dLdFD3UibiRFNB5oeChEMdwbwFOGSSEs2nhmAimckKyRhLTLTpaulKQKcijLOiKeb79/B/0q44LnLc22q5UV9UVABH4BicAhfUQANcgyZoAQIS8AiewLP1YL1Yr9bbfHTFWuwcgiVY718M7ZwP</latexit>

PN
−
1

<latexit sha1_base64="1fXZyS78TMKvsIeI3ezYebd9gz0="></latexit><latexit sha1_base64="1fXZyS78TMKvsIeI3ezYebd9gz0="></latexit><latexit sha1_base64="1fXZyS78TMKvsIeI3ezYebd9gz0="></latexit><latexit sha1_base64="qKorqtoDZgNc12Sexz2smIaqQ9g=">AAACDnicdVDLSgMxFM3UV62vVpdugkVwY8m09rUruHElFewD2lIyaaYNzWSGJKOUYf7BH3Crf+BO3PoL/oDfYaatYEUPBA7n3Ms9OU7AmdIIfViptfWNza30dmZnd2//IJs7bCs/lIS2iM992XWwopwJ2tJMc9oNJMWew2nHmV4mfueOSsV8catnAR14eCyYywjWRhpmc30P6wnBPGrGw+j63I6H2TwqoEq5XkIQFcrIrtbrhiBUqZWK0DYkQR4s0RxmP/sjn4QeFZpwrFTPRoEeRFhqRjiNM/1Q0QCTKR7TnqECe1QNonn0GJ4aZQRdX5onNJyrPzci7Ck18xwzmQRVv71E/MvrhdqtDSImglBTQRaH3JBD7cOkBzhikhLNZ4ZgIpnJCskES0y0aWvliktnwgvijCnm+/fwf9IuFmxUsG8u8o3asqI0OAYn4AzYoAoa4Ao0QQsQcA8ewRN4th6sF+vVeluMpqzlzhFYgfX+BRTjnJM=</latexit>

[PTK, Metodiev, Thaler, 2004.04159]

https://arxiv.org/abs/2004.04159
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Infrared singularities of massless 
gauge theories appear on each PN

✏ → 0
<latexit sha1_base64="+7VgSN6bIS94rg923ECXL9Ylmgg="></latexit> λ

<latexit sha1_base64="wXk7AmmngymkoNcky3vNULvpq4c="></latexit>

1− λ
<latexit sha1_base64="feDmrmhe5e0qNCrjBVSp9Fat0fI="></latexit>

Soft Collinear

PN

<latexit sha1_base64="JsZOYfja2vHFGx/cDtLrSJZ4kCM=">AAACDHicdVDLSgMxFL1T3/XR8bFzEyyCqyFTq627ghtXUsGq0JaSSTNtaCYzJBmhDPML/oBb/QN34tZ/8Af8DtNWQUUPBA7n3Ms9OUEiuDYYvzmFufmFxaXlleLq2vpGyd3cutJxqihr0VjE6iYgmgkuWctwI9hNohiJAsGug9HpxL++ZUrzWF6accK6ERlIHnJKjJV6bqkTETOkRGTNvJed5z23jD18XPUrPsLeEfbrFTwjJ7VD5Ht4inJjB6Zo9tz3Tj+macSkoYJo3fZxYroZUYZTwfJiJ9UsIXREBqxtqSQR091sGjxH+1bpozBW9kmDpur3jYxEWo+jwE5OYurf3kT8y2unJqx3My6T1DBJZ4fCVCATo0kLqM8Vo0aMLSFUcZsV0SFRhBrb1Y8rIRvLKMmLtpiv36P/yVXF87HnX1TLjfqsIViGXdiDA/ChBg04gya0gEIK9/AAj86d8+Q8Oy+z0YLzubMNP+C8fgCFmZxj</latexit><latexit sha1_base64="JsZOYfja2vHFGx/cDtLrSJZ4kCM=">AAACDHicdVDLSgMxFL1T3/XR8bFzEyyCqyFTq627ghtXUsGq0JaSSTNtaCYzJBmhDPML/oBb/QN34tZ/8Af8DtNWQUUPBA7n3Ms9OUEiuDYYvzmFufmFxaXlleLq2vpGyd3cutJxqihr0VjE6iYgmgkuWctwI9hNohiJAsGug9HpxL++ZUrzWF6accK6ERlIHnJKjJV6bqkTETOkRGTNvJed5z23jD18XPUrPsLeEfbrFTwjJ7VD5Ht4inJjB6Zo9tz3Tj+macSkoYJo3fZxYroZUYZTwfJiJ9UsIXREBqxtqSQR091sGjxH+1bpozBW9kmDpur3jYxEWo+jwE5OYurf3kT8y2unJqx3My6T1DBJZ4fCVCATo0kLqM8Vo0aMLSFUcZsV0SFRhBrb1Y8rIRvLKMmLtpiv36P/yVXF87HnX1TLjfqsIViGXdiDA/ChBg04gya0gEIK9/AAj86d8+Q8Oy+z0YLzubMNP+C8fgCFmZxj</latexit><latexit sha1_base64="JsZOYfja2vHFGx/cDtLrSJZ4kCM=">AAACDHicdVDLSgMxFL1T3/XR8bFzEyyCqyFTq627ghtXUsGq0JaSSTNtaCYzJBmhDPML/oBb/QN34tZ/8Af8DtNWQUUPBA7n3Ms9OUEiuDYYvzmFufmFxaXlleLq2vpGyd3cutJxqihr0VjE6iYgmgkuWctwI9hNohiJAsGug9HpxL++ZUrzWF6accK6ERlIHnJKjJV6bqkTETOkRGTNvJed5z23jD18XPUrPsLeEfbrFTwjJ7VD5Ht4inJjB6Zo9tz3Tj+macSkoYJo3fZxYroZUYZTwfJiJ9UsIXREBqxtqSQR091sGjxH+1bpozBW9kmDpur3jYxEWo+jwE5OYurf3kT8y2unJqx3My6T1DBJZ4fCVCATo0kLqM8Vo0aMLSFUcZsV0SFRhBrb1Y8rIRvLKMmLtpiv36P/yVXF87HnX1TLjfqsIViGXdiDA/ChBg04gya0gEIK9/AAj86d8+Q8Oy+z0YLzubMNP+C8fgCFmZxj</latexit><latexit sha1_base64="7cLdUU0n89KEDkB05clWTPEiXwM=">AAACDHicdVDLSgMxFM34rPXRUZdugkVwNWRqtXVXcONKKtgHtEPJpJk2NJMZkoxQhvkFf8Ct/oE7ces/+AN+h5m2ghU9EDiccy/35PgxZ0oj9GGtrK6tb2wWtorbO7t7JXv/oK2iRBLaIhGPZNfHinImaEszzWk3lhSHPqcdf3KV+517KhWLxJ2extQL8UiwgBGsjTSwS/0Q6zHBPG1mg/QmG9hl5KCLqltxIXLOkVuvoDm5rJ1B10EzlMECzYH92R9GJAmp0IRjpXouirWXYqkZ4TQr9hNFY0wmeER7hgocUuWls+AZPDHKEAaRNE9oOFN/bqQ4VGoa+mYyj6l+e7n4l9dLdFD3UibiRFNB5oeChEMdwbwFOGSSEs2nhmAimckKyRhLTLTpaulKQKcijLOiKeb79/B/0q44LnLc22q5UV9UVABH4BicAhfUQANcgyZoAQIS8AiewLP1YL1Yr9bbfHTFWuwcgiVY718M7ZwP</latexit>

PN
−
1

<latexit sha1_base64="1fXZyS78TMKvsIeI3ezYebd9gz0="></latexit><latexit sha1_base64="1fXZyS78TMKvsIeI3ezYebd9gz0="></latexit><latexit sha1_base64="1fXZyS78TMKvsIeI3ezYebd9gz0="></latexit><latexit sha1_base64="qKorqtoDZgNc12Sexz2smIaqQ9g=">AAACDnicdVDLSgMxFM3UV62vVpdugkVwY8m09rUruHElFewD2lIyaaYNzWSGJKOUYf7BH3Crf+BO3PoL/oDfYaatYEUPBA7n3Ms9OU7AmdIIfViptfWNza30dmZnd2//IJs7bCs/lIS2iM992XWwopwJ2tJMc9oNJMWew2nHmV4mfueOSsV8catnAR14eCyYywjWRhpmc30P6wnBPGrGw+j63I6H2TwqoEq5XkIQFcrIrtbrhiBUqZWK0DYkQR4s0RxmP/sjn4QeFZpwrFTPRoEeRFhqRjiNM/1Q0QCTKR7TnqECe1QNonn0GJ4aZQRdX5onNJyrPzci7Ck18xwzmQRVv71E/MvrhdqtDSImglBTQRaH3JBD7cOkBzhikhLNZ4ZgIpnJCskES0y0aWvliktnwgvijCnm+/fwf9IuFmxUsG8u8o3asqI0OAYn4AzYoAoa4Ao0QQsQcA8ewRN4th6sF+vVeluMpqzlzhFYgfX+BRTjnJM=</latexit>

Sudakov safety

Some observables have discontinuities on PN for some N

A resummed IRC-safe companion can mitigate the divergences

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

p(OSudakov) =

Z
dOComp. p(OSudakov|OComp.) p(OComp.)

<latexit sha1_base64="W6sDhi0jd4X5vbTHYOvFDyiMti8="></latexit>

[Larkoski, Thaler, JHEP 2014; Larkoski, Marzani, Thaler, PRD 2015]

[PTK, Metodiev, Thaler, 2004.04159]

https://doi.org/10.1007/JHEP05(2014)146
https://doi.org/10.1007/JHEP05(2014)146
https://arxiv.org/abs/2004.04159
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Infrared singularities of massless 
gauge theories appear on each PN

✏ → 0
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Sudakov safety

Some observables have discontinuities on PN for some N

A resummed IRC-safe companion can mitigate the divergences

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

p(OSudakov) =

Z
dOComp. p(OSudakov|OComp.) p(OComp.)

<latexit sha1_base64="W6sDhi0jd4X5vbTHYOvFDyiMti8="></latexit>

[Larkoski, Thaler, JHEP 2014; Larkoski, Marzani, Thaler, PRD 2015]

[PTK, Metodiev, Thaler, 2004.04159]

Fixed-order calculability

Is a statement of integrability on each PN

EMD continuity must be upgraded to EMD-Hölder continuity on each PN

Example:                                               is EMD continuous but not EMD Hölder continuous (it is Sudakov safe)

lim
E!E0

O(E)−O(E 0)

EMD(E , E 0)c
= 0, c > 0

<latexit sha1_base64="OJ26IaP8BcK3QyL1R+qvb41yMn0="></latexit>

[Sterman, PRD 1979; Banfi, Salam, Zanderighi, JHEP 2005]

V (E) = T2(E)

✓

1 +
1

lnE(E)/T3(E)

◆
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All Observables 
Measurable at a collider

Defined on Energy Flows 
Invariant to exact infrared & collinear emissions everywhere except a negligible set of events

Infrared & Collinear Safe 
EMD continuous everywhere except a negligible set of events

EMD Hölder Continuous 
Everywhere invariant to infinitesimal 

infrared & collinear emissions

Sudakov Safe 
Discontinuous on some 

N-particle manifolds

[PTK, Metodiev, Thaler, 2004.04159]

https://arxiv.org/abs/2004.04159
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dΣ[N ]

dxL

=
X
n

X
1≤i1≤...≤iN≤n

Z
dσn

Ei1 · · ·EiN

QN
δ(xL − max

1≤j<k≤N
{θijik})
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Integrate out shape dependence but keep overall size dependence
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Integrate out shape dependence but keep overall size dependence
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Integrate out shape dependence but keep overall size dependence
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