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@ Energy Flow Polynomials (EFPs)



Anatomy of an Energy Flow Polynomial:

Energy Fraction Pairwise Angular Distance
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Multigraph/EFP Correspondence
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Optimal VE Complexity

e.g. Tree graph EFPsare 0 0 !
Surprisingly efficient to compute.
Stay tuned... See P. Komiske’s talk.
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https://indico.physics.lbl.gov/indico/event/546/session/2/contribution/1

The Energy Flow Basis from IRC safety




EFPs linearly span IRC-safe observables

IRC-safe Observable
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EFPs linearly span IRC-safe observables

IRC-safe Observable

Energy Expansion : Expand/approximate the observable in polynomials of the particle energies

IR safety: Observable unchanged by addition of infinitesimally soft particle
C safety: Observable unchanged by the collinear splitting of a particle

Relabeling Symmetry : All ways of indexing particles are equivalent

New, direct argument from IRC safety
See also: F. Tkachov, hep-ph/9601308

N. Sveshnikov and F. Tkachov, hep-ph/9512370

Energy correlators linearly span IRC-safe observables
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https://arxiv.org/abs/hep-ph/9601308
https://arxiv.org/abs/hep-ph/9512370
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l New, direct argument from IRC safety

Energy correlators linearly span IRC-safe observables

Angular Expansion : Expansion/approximation of angular part of correlators in pairwise angular distances
Analyze : ldentify the unique analytic structures that emerge as non-isomorphic multigraphs/EFPs

M. Hogervorst et al arXiv:1409.1581
B. Henning et al arXiv:1706.08520

l Similar expansions & emergent multigraphs in:

EFPs linearly span/approximate IRC-safe observables!
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Degree Connected Multigraphs

Organization of the basis ) [

EFPs are truncated by angular degree d, d=2 O /\

the order of the angular expansion.
d=3

v

Finite number at each order in d!
All prime EFPs up to d=5 @ /\é/\@/k
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Image files for all of the prime EFP multigraphs up to d = 7 are available here.

Exactly 1000 EFPs up to degree d=7!
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Jet Mass €
ECFs Angularities

Planar Flow
ECFGs

Taming the (IRC-safe) Substructure Zoo



Jet Observables with Energy Flow

Jet Mass

Dumbbell EFP
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Jet Observables with Energy Flow

Jet Mass

Angularities

Dumbbell EFP

Star Graph EFPs
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Can include these using
a fully general measure

[C. Berger, T. Kucs, and G. Sterman, hep-ph/0303051]

[L. Almeida, et al, arXiv:0807.0234]

[S. Ellis, et al, arXiv:10010014]

[A. Larkoski, ]. Thaler, and W. Waalewijn, arXiv:1408.3122]

(and so on, for all even angularities)
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Jet Observables with Energy Flow

Energy Correlation Functions

Complete Graph EFPs
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[A. Larkoski, G. Salam, and J. Thaler, arXiv:1305.0007]

with measure choice of]
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https://arxiv.org/abs/1305.0007

Jet Observables with Energy Flow

Energy Correlation Functions

Complete Graph EFPs

Geometric Moments

Higher dumbbell EFPs
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[A. Larkoski, G. Salam, and J. Thaler, arXiv:1305.0007]

with measure choice of]
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[L. Almeida, et al, arXiv:0807.0234]
[l. Thaler and L.-T. Wang, arXiv:0806.0023]
[J. Gallicchio and M. Schwartz, arXiv:1211.7038]

Yol o)
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Spanning Substructure with Linear Regression

Eric M. Metodiev, MIT
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Linear Models and Energy Flow

Y 0

Linear methods:
Utilize the linear completeness of the Energy Flow basis.
Convex and few/no hyperparameters to tune.

Achieve global optimum via closed-form solution or convergent iteration.
Simple models with the minimum number of parameters/input.

Rich in tools and applications:

First few chapters of C. Bishop’s Pattern Recognition and Machine Learning

3 Linear Models for Regression 137
3.1  Linear Basis Function Models . . . ... ... ... ........ 138
3.1.1  Maximum likelihood and least squares . . . . . . .. .. .. 140

3.1.2  Geometry of least squares . . . . .. ............ 143

3.1.3 _ Sequential learning . . . . . . .. .. ... . ... . . .. 143

This talk. | 3-1.4 Regularized leastsquares . . . . . .. ... ......... 144 |

S0 Multupleoutputs ... oo oo 146

3.2 The Bias-Variance Decomposition . . . . . . . ... ... ... .. 147
Bayesian Linear Regression . . . .. ... ... .......... 152

3.3.1  Parameter distribution . . . ... ..o 152

3.3.2  Predictive distribution . . .. .. oL Lo 156

3.3.3  Equivalentkernel . . .. ... .. ... ... . ..., 159

3.4 Bayesian Model Comparison . . . . . .. ... .. ......... 161

3.5 The Evidence Approximation . . . . ... ... ... ... 165
3.5.1 Evaluation of the evidence function . . . . ... ... ... 166

3.5.2  Maximizing the evidence function . . . . . ... ... ... 168

3.5.3 Effective number of parameters . . . . .. ... ... ... 170

3.6 Limitations of Fixed Basis Functions . . . .. ... .. ... ... 172
Exercises . . . . . .. 173

% &
\ Machine learn these

] See P. Komiske’s talk.

4 Linear Models for Classification 179
4.1 Diseriminant Funetions . . . . ... ..o oL oL 181
411 Twoclasses . . .. . ... 181

4.1.2 Multipleclasses . . . .. ... ... L L L 182
4.1.3  Least squares for classification . . . . .. ... ....... |84

| 414 Fisher’s linear discriminant . . . . .. . .. ... ... ... 186
4. 1.5 Kelation to IeN\qu ares .. .. L L
4.1.6  Fisher’s discriminant for multiple Ll ISSES . ... ... 191
4.1.7  The perceptron algorithm . . . . .. ... ... ... .. .. 192

4.2 Probabilistic Generative Models . . . . ... ... ... ...... 196
4.2.1 Continuous inputs . . . T L1
4.2.2  Maximum likelihood mlull(m -0
4.2.3 Discrete features . . . . .. ... .. ... ... 202
4.24  Exponential family . . . 202

4.3 Probabilistic Discriminative l\[od»lx R K
4.3.1 Fixed basis functions . . . . ... ... ... .. ... 204
4.3.2  Logistic regression . . . . |
4.3.3  lterative reweighted least \qu AMES . . v 207
434  Multiclass logistic regression . . . . . ... ... ...... 209
435  Probitregression . . ... Lo 210
4.3.6  Canonical link functions . . . . ... .. .......... 212

4.4 The Laplace Approximation . . . . .. ... ............ 213
44.1  Model comparisonand BIC . . .. ... ... ....... 216

4.5  Bayesian Logistic Regression . . . .. ... ............ 217
4.5.1 Laplace approximation . . . . . ... ............ 217
452 Predictive distribution . . . ... .. oL L. 218
Exercises . . ... ... ... ..., 220

Eric M. Metodiev, MIT

17


https://indico.physics.lbl.gov/indico/event/546/session/2/contribution/1

Confirming Analytic

: Angularity A(*=2)

ythia 8.226, /5 = 13 TeV
EFP 3 =1, anti-kr R=0.8
500 GeV < pr < 550 GeV

Energy Flow Polynomials

W jets: Angularity A(®=4)
V5 =13 TeV
, anti-k+ R=0.8
500 GeV < pr < 550 GeV

1

Energy Flow Polynomials

—

W jets: Angularity A(e=%)
Pythia 8.226, /5

500 GeV < pr < 550 GeV

Energy Flow Polynomials

Relationships with Regression
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Linear Regression and IRC-safety

—: IRC safe. No Taylor expansion due to square root.

7 :IRC safe. No simple analytic relationship.

T :IRC safe.Algorithmically defined.

[A. Larkoski, S. Marzani, and J. Thaler, arXiv:1502.01719]

T :Sudakov safe. Safe for 2-prong jets and higher.
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https://arxiv.org/abs/1307.1699

Conclusions

EFPs form a complete, linear representation of the jet

EFPs energy correlators with monomial angular structure

Encompass many existing classes of expert variables

Opens the door to using linear methods for jet substructure

IRC-unsafe information? Combine!

A Use EFPs & linearity to reduce radiation pattern to a
single optimal observable

o o T I

(Linear) Learning is easy
A Linear models are convex & even closed-form at times
A Few or no hyperparameters to tune at all
A Guaranteed global optima
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