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Correcting for Detector Effects
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• 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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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

WLOG, the generative model can be MC generator + weighting function on particle-level phase space
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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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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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Iterated Bayesian Unfolding (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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t
(0)
j = Pr(truth is j)
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Rij = Pr(measure i | truth is j)
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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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=

X

i

Rijt
(n−1)
j

P
k Rikt

(n−1)
k

×mi
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Calculate new particle-level distribution using Bayes’ theorem

Iterate procedure to remove dependence on prior

mi =

1

2

1

2
i

t(0)

j
=

1

2

1

2
j

Rij =
1

1

2

0
1

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

[Richardson, JOSA 1972; Lucy, AJ 1974; D’Agostini, NIMPA 1995] 

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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[Richardson, JOSA 1972; Lucy, AJ 1974; D’Agostini, NIMPA 1995] 

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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– Reweights Simn-1 to data
– Pulls weights back to particle-level Genn-1

Step 1

Incorporates the response matrix

Push 

Step 2: 

νn−1

ωn

−−→ νn
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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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[Richardson, JOSA 1972; Lucy, AJ 1974; D’Agostini, NIMPA 1995] 

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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[Richardson, JOSA 1972; Lucy, AJ 1974; D’Agostini, NIMPA 1995] 
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http://dx.doi.org/10.1086/111605
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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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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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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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νn−1

ωn

−−→ νn
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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

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

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

−−→ νn
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Data
−−−→ ωn
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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


Patrick Komiske – Improved Unfolding with Deep Learning

OmniFold Algorithm – Equations

14

Simulation

S
y
n

th
e
ti

c
N

a
tu

ra
l

Detector-level

Data

Particle-level

Generation

Truth

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

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?

16

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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Machine Learning for Point Clouds – Deep Sets

17

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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Permutation 
invariance

Machine Learning for Point Clouds – Deep Sets

17

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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Per-Particle Representation Event Representation
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F

Energy/Particle Flow Network
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PID
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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]

PFN({pµ
1
, . . . , p

µ
M}) = F

 

M
X

i=1

Φ(pµi )

!

<latexit sha1_base64="Kua53ui7qVWE3vwgGC14+hatJ/g="></latexit><latexit sha1_base64="Kua53ui7qVWE3vwgGC14+hatJ/g="></latexit><latexit sha1_base64="Kua53ui7qVWE3vwgGC14+hatJ/g="></latexit><latexit sha1_base64="Kua53ui7qVWE3vwgGC14+hatJ/g="></latexit>

Particle Flow Network (PFN)

Fully general latent space

https://arxiv.org/abs/1810.05165
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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 – Improved Unfolding with Deep Learning

OmniFolding Jet Substructure Observables
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Additional OmniFolded Distributions
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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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Optimal Transport in Particle Physics
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When are Two Distributions Similar?
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[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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When are Two Events similar?
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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

<latexit sha1_base64="zyD294saim0bf1aas6V2Ohz1YLY="></latexit>

η

<latexit sha1_base64="CyYNbfuHuu/fENtAiFvx8VCBsFA="></latexit>

φ

<latexit sha1_base64="zyD294saim0bf1aas6V2Ohz1YLY="></latexit>

η

<latexit sha1_base64="CyYNbfuHuu/fENtAiFvx8VCBsFA="></latexit>

θij =

q

∆y
2

ij +∆φ2

ij

<latexit sha1_base64="uzw11Fieuo8bQY0jXb4nIKBAWGA="></latexit>

E(n̂) =

MX

i=1

Ei δ(n̂− n̂i)

<latexit sha1_base64="kavSRwUziO5oOAFJZNFhDUD2F7M="></latexit>

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

[PTK, Metodiev, Thaler, PRL 2019]

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
https://doi.org/10.1103/PhysRevLett.123.041801
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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

<latexit sha1_base64="zyD294saim0bf1aas6V2Ohz1YLY="></latexit>

η

<latexit sha1_base64="CyYNbfuHuu/fENtAiFvx8VCBsFA="></latexit>

φ

<latexit sha1_base64="zyD294saim0bf1aas6V2Ohz1YLY="></latexit>

η

<latexit sha1_base64="CyYNbfuHuu/fENtAiFvx8VCBsFA="></latexit>

θij =

q

∆y
2

ij +∆φ2

ij

<latexit sha1_base64="uzw11Fieuo8bQY0jXb4nIKBAWGA="></latexit>

E(n̂) =

MX

i=1
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Optimal transport minimizes the “work" (stuff x distance) required to transport supply to demand

[PTK, Metodiev, Thaler, PRL 2019]

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
https://doi.org/10.1103/PhysRevLett.123.041801
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The Energy Mover’s Distance (EMD)
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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
0

<latexit sha1_base64="RANuuzGcULvTlLT851+L2Qf9ZnM="></latexit>

E
00

<latexit sha1_base64="u6C/lHxw0y7kdg4YmkZyi3dNEkc="></latexit>

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 ≥

[PTK, Metodiev, Thaler, PRL 2019]

https://doi.org/10.1103/PhysRevLett.123.041801
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Quantifying Event-Space Manifolds

29

[Grassberger, Procaccia, PRL 1983]

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

[PTK, Metodiev, Thaler, PRL 2019]

https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.50.346
https://doi.org/10.1103/PhysRevLett.123.041801
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Weighted events naturally accommodated
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Same OmniFold training can unfold a 
complicated function of pairs of events!

Larger detector effects and loss of stats seen at low Q
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Correlation dimension: how does the # of 
elements within a ball of size Q change?
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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 observables
Calculates a single number for each jet/event 
and study the distribution of values

Weighted cross section
Calculate a distributional quantity per event 
and study the mean distribution
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Standard observables
Calculates a single number for each jet/event 
and study the distribution of values

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

Q2
δ(cos θij − cosφ)

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

e.g. energy-energy correlator (EEC)
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Standard observables
Calculates a single number for each jet/event 
and study the distribution of values

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

dσ

dn̂1 · · · dn̂N
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hOE(n̂1) · · · E(n̂N )O†i

hOO†i
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Correlations of energy flow operators can be directly studied!

Diagram by Ian Moult
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d cosφ
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X
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Z
dσ

EiEj

Q2
δ(cos θij − cosφ)
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e.g. energy-energy correlator (EEC)
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– Unfolding corrects distributions for detector effects using detector simulation 
in a prior independent manner

– Traditional unfolding (e.g. IBU) is based on histograms and limited to a few 
observables due to the curse of dimensionality

– Maximum likelihood solution to the unfolding problem (like IBU)

– Likelihood-free inference uses high-dim. classifiers to capture the full phase-space

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

e.g. the ATLAS detector



Patrick Komiske – Improved Unfolding with Deep Learning

Jets at the Large Hadron Collider
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CMS hadronic     eventtt̄
<latexit sha1_base64="fUzZwAaOwCWAKnUFSdHGy1glkPQ="></latexit>

ATLAS high jet multiplicity events

Jet substructure techniques enabled by fantastic detector resolution and reconstruction
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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

38

– 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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Particle Flow Network (PFN)

Fully general latent space
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Energy Flow Network (EFN)

IRC-safe latent space

[Zaheer, Kottur, Ravanbhakhsh, Póczos, Salakhutdinov, Smola, 1703.06114;

PTK, Metodiev, Thaler, 1810.05165;

EnergyFlow Python Package]

https://arxiv.org/abs/1703.06114
https://arxiv.org/abs/1810.05165
https://energyflow.network/docs/archs/
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Energy Flow Network (EFN)

IRC-safe latent space

[Zaheer, Kottur, Ravanbhakhsh, Póczos, Salakhutdinov, Smola, 1703.06114;

PTK, Metodiev, Thaler, 1810.05165;

EnergyFlow Python Package]
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Improved performance (and training) 
compared to RNN and CNN

https://arxiv.org/abs/1703.06114
https://arxiv.org/abs/1810.05165
https://energyflow.network/docs/archs/
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IRC-safe latent space

[Zaheer, Kottur, Ravanbhakhsh, Póczos, Salakhutdinov, Smola, 1703.06114;

PTK, Metodiev, Thaler, 1810.05165;

EnergyFlow Python Package]
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https://arxiv.org/abs/1703.06114
https://arxiv.org/abs/1810.05165
https://energyflow.network/docs/archs/
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Quark vs. Gluon: Latent Dimension Sweep
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IRC unsafe information 
clearly helpful
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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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Calculating mass on SD jetsSoft Drop algorithmContaminating radiation in jets 
necessitates grooming

Diagrams by Jesse Thaler
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Visualizing Geometry in the Space of Events
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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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Visualizing Geometry in the Space of Events
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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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[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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[PTK, Mastandrea, Metodiev, Naik, Thaler, PRD 2019; code and datasets at energyflow.network]

Example jets sprinkled throughout
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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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Quantifying Event-Space Manifolds
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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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[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

*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
∂

∂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
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*More in backup

https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.50.346
https://arxiv.org/abs/1902.02346
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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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Energy-Energy Correlators – Projection to Longest Side
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dxL

=
X
n

X
1≤i1≤...≤iN≤n

Z
dσn

Ei1 · · ·EiN

QN
δ(xL − max

1≤j<k≤N
{θijik})

<latexit sha1_base64="u77yJXBY9bKoJqI4Q45Yorv7qp8="></latexit>

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


