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Proxy: Discriminate between pp jets (all vacuum-like)
and PbPb jets (mix of vacuum-like and quenched jets).

Challenges:
1. Medium Response (MR) aids models in identifying PbPb jets.
2. Underlying Event (UE) contamination degrades discrimination power
to levels similar to those without MR.
3. Only by considering all these effects can we approach
a physically meaningful result.
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Same behavior from no UE to with UE contamination.
Some gain in discrimination power (AUC from ~ 0.9067 to ~ 0.7142).
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2. Adding global jet observables to these complex physics motivated networks seems to
be indeed beneficial, significantly the originally improving attained discrimination
power.

3. Moment Energy Flow Networks open up a new window of exploration of these kinds
of models to multiple problems in HEP in general and in jet quenching in particular.

4. Future work will focus on adding observables to Moment EFNs and attempting to
obtain an interpretable latent space and perhaps relating it to calculable observables
well under theoretical control.

5. What observable will the network learn if we give it all the observables we know are
useful? Can we calculate it from first principles? Can we relate this to the quenching
phenomena?

Jodo A. Gongalves Conclusions and Future Work November 5, 2024



Thank you for your attention!



Questions?



Questions?

UE Energy Flow

Gen and Rec Obs.

UE Gen NSub LDA

UE Fits NSub DNN

UE Comp EFP LDA

Sub Dets EFP DNN

Sub Qual EFNs

US Steps AUC Error

US Plots Weights

UE Obs Model comp

UE ML Preproc
Model archs

Obs. Form.



Backup



Underlying Event Contamination



/ Generation Details ) /Reconstruction DetailS\

Process dijets pfﬂ” > 100 MeV
Centrality [0,10]% | npart| < 4
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Experimentally motivated UE generation steps:

1. Fit the pseudo-rapidity distribution of the UE measured experimentally from [1]. We
have used a polynomial fit.

2. Fit the transverse momenta distribution of the UE measured experimentally in [2]. We
have used a cubic spline.

3. Take the ¢ distribution to be uniform.

4. Take the number of particles per UE to follow a Gaussian distribution of
experimentally motivated average value and standard deviation.

5. For each particle to be generated, sample a value for pr, n and ¢ from the considered
distributions.

6. Considering only pions, sample randomly and uniformly one of the three species, and

use its mass to complete the four-momentum of the particle.

[1] Phys.Lett.B 772 (2017) 567-577, 2017.
[2] JHEP 11 (2018) 013, 2018.


https://www.sciencedirect.com/science/article/pii/S0370269317305646
https://link.springer.com/article/10.1007/JHEP11(2018)013
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Subtraction Details

We have performed two different types of subtrac-
tions:

1. JEWELSs internal background subtraction to
give physical medium response (only for
PbPb and this is always performed before
embedding) [3]

2. lterative Constituent Subtraction of UE which
we apply to both pp and PbPb embedded

RN events [4]
L N We have used the parameters suggested in [4] for
e Dl 0.4 anti-kt jets.
|
- | ||
%ﬁ [3] Eur.Phys.J.C 82 (2022) 11, 1010

[4] JHEP 08 (2019) 175


https://link.springer.com/article/10.1140/epjc/s10052-022-10954-1
https://link.springer.com/article/10.1007/JHEP08(2019)175
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Subtraction quality plots
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Undersampling steps:

1. Bin pp and PbPb data in pr and .
2. Check if there are bins with more PbPb events than pp.

3. If so remove randomly and uniformly events from PbPb until no bin has a larger
population of PbPb compared to pp.

4. For all bins, remove randomly pp events from each until the number of pp events
matches the number of PbPb events in each and every bin.
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Undersampling PbPb step plot

pp eta vs P, (Original) PbPb eta vs P, (PbPb US)
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Undersampling final plot

pp eta vs p_ (pp US)
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UE contamination effect on p?
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Ratios of p(Ar)

UE contamination effect on inclusive jet profile (p)
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UE contamination effect on jet profile of leading jet (p¢9)

Ratios of p(A r)*™

trk lead jet sublead jet

0-10%, EZS.OZ TeV, R=0.4, |n]e'|<l.6, p'r >0.7 GeV, p.r >120 GeV, p.r >50 GeV, A > 5176
C —+— PbPb Gen/ pp Gen DOI: 10.1007/JHEP05(2021)116
C —+— PbPb Sub / pp Sub
25— 1 ppSub/ppGen D
- —+— PbPb Sub / PbPb Gen
C —F— PbPb / pp experimental
o[-
15
C ; 1
05—
07\\\\‘\\\\‘\\\\‘\\\\‘\\\\‘\\\\‘\\\\‘\\\\
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4
Ar

pon =Ll ¥ pgne

constse Ar

Internal Revision



UE contamination effect on jet profile of subleading jet (p5“?')
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UE contamination effect on jet fragmentation functions (D(z))
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UE contamination effect on jet fragmentation functions (D(z))
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UE contamination effect on jet fragmentation functions (D(z))
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UE contamination effect on jet fragmentation functions (D(z))
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UE contamination effect on the dijet asymmetry (x,)
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UE contamination effect on the groomed dijet asymmetry (x7P)
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SoftDrop Grooming

Internal Revision
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Grooming seems to increase the signal in the medium time window, but the subtraction always depletes the signal in this region.
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Observables used for the inital study of the UE contamination in ML

Observable

Type

Ysp

¢sp

APrsp = PTjet — PTjetsp
Msp

nconst,SD

Jet Momenta and Constituent Multiplicity

— _ T 0
r S0 oo l(l),sn
TSD = Romarso 225D

r2sp =)LLSD
2, _ 41

rézgp = AZ,SD
=2 1 2

25, = ——A»A
SD "~ Neonst,sp ~ 0,50

prDsp = 4/ Ziéje[ Dp%i/PT,jet,SD

Angularities

T2,5D> T3,SD
71,2,5D> T2,3,5D

N-subjettiness

X A 0. K
1Q%31, 1Q%51, 1571, 1QE3I,

Jet-Charges

Rg, 24, Nsp

SoftDrop Grooming Intrinsic

Ry 4, g4, Kx With A€ {TD,ktD,2D}

Dynamical Grooming Intrinsic

5] 10.48550/arXiv.2304.07196
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EFP selected quotes from the paper

"These observables are multiparticle energy correlators with specific angular
structures which directly result from IRC safety."

"EFPs can be viewed as a discrete set of C-correlators”

"EFPs form a linear basis of all IRC-safe observables, making them suitable for a
wide variety of jet substructure contexts where linear methods are applicable”

"There is a one-to-one correspondence between EFPs and loopless multigraphs,
which helps to visualize and calculate the EFPs"

"(...) we usually truncate by restricting to the set of all multigraphs with at most
d edges (...) this truncation results in a finite number of EFPs at each order of
truncation, which is not true for truncation by the number of vertices."

6] doi.org/10.1007/JHEP04(2018)013
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EFP Pairplot

0.3 1

0.2 9
0.1+

0.0 1

0.3 1
0.2 q

0.14

0.0

Paper in Construction

Dataset
. pp
I PbPb

0.0

0.2
£rpizl

0.4

0.6

0.0

0.1

0.2
EFPRZ3

T
03

T T
04 0.0

T
0.1

0.2
EFPZ3




N-Subjetiness LDA ROCs

No UE
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N-Subjetiness DNN ROCs
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No UE

N-Subjetiness DNN Loss
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EFP DNN Loss
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EFP Extended LDA ROCs
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PbPb Jet Rejection / Quenched Jet Efficiency
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Pp Jot Rejection / Unquenched Jet Rejection

EFN ROC and Latent Space
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EFN Model Output and Loss
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EFN Output Mean vs Std. Dev across folds
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Pp Jot Rejection / Unquenched Jet Rejection
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EFN + EFP Model Output and Loss
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Standard Deviation of Predictions

EFN + EFP Output Mean vs Std. Dev Across Folds
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EFN + EFP Ext. ROC and Latent Space
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EFN + EFP Ext. Model Output and Loss
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Standard Deviation of Predictions

EFN + EFP Ext. Output Mean vs Std. Dev
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EFN + NSub Model Output and Loss
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Standard Deviation of Predictions

EFN + NSub Output Mean vs Std. Dev
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Pp Jot Rejection / Unquenched Jet Rejection
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EFN + EFP + NSub Model Output and Loss
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Standard Deviation of Predictions

EFN + EFP + NSub Output Mean vs Std. Dev
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EFN + EFP Ext. + NSub Model Output and Loss
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Pp Jot Rejection / Unquenched Jet Rejection

EFN + EFP Ext. + NSubs ROC and Latent Space
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Standard Deviation of Predictions

EFN + EFP Ext. + NSub Output Mean vs Std. Dev
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Thinking about the ROC AUC Error

Paper in Construction

No UE With subtracted UE

ROC AUC by pT bin

ROC AUC by pT bin

& ROC AUC per Bin

—#- ROC AUC per Bin

e R

+

— |

ROC AUC Score

ROC AUC Score

729.29 909.08

189.9 369.69

e o pT hi;orﬂnzif'lpoint e e pT bin midpoint
2
Errors given by: Q= ﬂ ), = 2. AUC
2 — AUC 1+ AUC
SEque = AUC - (1 — AUC) + (Npos — 1) - (Q1 — AUC?) + (Npeg — 1) - (Q2 — AUC?)
A Npos * Nneg ’
SIAL . . : . :
O Want well defined confidence intervals. (DeLong’s method? Anyone working on these things?)

w radiology.143.1.7063747


https://doi.org/10.1148/radiology.143.1.7063747

Thinking about Weights

1 ®

Paper in Construction

We have trained the LDA models on a weighted sample but without the weights (sklearn’s
Linear Discriminant Analysis (LDA) model, does not handle weights in training)
(We have plotted the ROC curves and model outputs with the weighs)

Can we do this though?
Is it stable?
Can we train on weighted (MC), test on unweighted (Data)?
Should we use the weights in training?
Do we want to capture the true pr distribution in training (use the weights)
or prefer that the network learns uniformly across pr bins (no weights)?

Is the model robust to this?



Thinking about Weights

Tested on Weighted Unweighted paper in Construction
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Model Comparison (Supervised) No UE

Model AUC 1/6Pbe at €pp = 50%
LDA EFP 0.8675 Y.YY
LDA EFP Ext. 0.9234 YYEY-
LDA NSub 0.8314 Y.YY
DNN EFP 0.9067 Y.YY
DNN EFP Ext. 0.9420 Y.YY
DNN NSub 0.9232 Y.YY




Model Comparison (Supervised) w/i UE Contamination

Model AUC 1/€Pbe at €pp = 50%
LDA EFP 0.6964 Y.YY
LDA EFP Ext. 0.7132 Y.YY
LDA NSub 0.6900 Y.YY
DNN EFP 0.7142 Y.YY
DNN EFP Ext. 0.7176 Y.YY
DNN NSub 0.7075 Y.YY
EFN 0.7651 +/- 0.0004 Y.YY
EFN + EFP 0.8050 +/- 0.0002 YooY
EFN + EFP Ext. 0.8104 +/- 0.0004 Y.YY
EFN + NSub 0.8053 +/- 0.0003 Y.YY
EFN + EFP + NSub 0.8206 +/- 0.0001 Y.YY
EFN + EFP Ext. + NSub  0.8265 +/- 0.0011 Y.YY




Model Comparison MEFN w/I UE Contamination

Model AUC 1/€Pbe at €pp = 50%
MEFN k=1, L=1024  0.7634 +/- 0.0007 Y.YY
MEFN k=2, L=32 0.7632 +/- 0.0006 Y.YY
MEFN k=1, L=512 0.7615 +/- 0.0008 Y.YY
MEFN k=3, L=16 0.7624 +/- 0.0004 Y.YY
MEFN k=2, L=64 0.7623 +/- 0.0002 Y.YY
MEFN k=4, L=16 0.7623 +/- 0.0001 Y.YY
MEFN k=2, L=16 0.7521 +/- 0.0018 Y.YY
MEFN k=1, L=256 0.7548 +/- 0.0013 Y.YY
MEFN k=1, L=128 0.7485 +/- 0.0017 Y.YY
MEFN k=1, L=64 0.7421 +/- 0.0017 Y.YY
MEFN k=1, L=32 0.7359 +/- 0.0022 Y.YY
MEFN k=1, L=16 0.7293 +/- 0.0086 Y.YY
MEFN k=2, L=8 0.7262 +/- 0.0050 Y.YY
MEFN k=1, L=8 0.7196 +/- 0.0031 Y.YY
MEFN k=3, L=3 0.7177 +/- 0.0065 Y.YY
MEFN k=4, L=4 0.7212 +/- 0.0033 Y.YY
MEFN k=4, L=3 0.7201 +/- 0.0025 Y.YY
MEFN k=8, L=3 0.71983 +/- 0.0020 Y.YY
MEFN k=3, L=2 0.7146 +/- 0.0020 Y.YY
MEFN k=4, L=2 0.7142 +/- 0.0020 Y.YY
MEFN k=16 | =2 07131 +/- 0 0020 YVYY



Preprocessing Pipeline

Calculate EFPs

StandardScale

» PCA » StandardScale Again
LPA] A2

Jets (z, eta, phi) }—P‘ Calculate N-Subjetiness Final Preprocessed Data

=‘ Center and Normalize H Transverse Momentum Alighment /




Model Architectures

Model Layers Activation  Patience  Dropout L2
DNN (2048) RelLU 30 0.2 0.005
EFN ®: (100, 100, 126), F: (100, 100, 100) RelLU 30 0.075 -
EFN + Obs.  @: (100, 100, 126), F: (100, 100, 100) RelLU 30 0.2 -

MEFN ®: (100, 100, L), F: (100, 100, 100) ReLU 30 0.2 -




Observables

oC =
1/2) (1) (2 _(1/2) _(1) _(2 1/2) (1 2 1/2) (1
{Tl(/)ﬂTl()ﬂTl()ﬂTQ(/) (1) _(2) (1/2) (1) _(2) _(1/2) ()}

y T2 s Ty ooy TR0y TR 20 TR TR 15 TR

M M
EFPg = Z Z Zip tt Ziy H Qik’ig'

11=1 iy=1 (k,0)eG

(k,8) =([0.5,1],[0.5,1,2])



Adding distances to EFNSs for quark vs gluon

0.885 A
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0.860 -

3 distance types
anti-kt distance
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kt distance

no distances
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By: Martim Pinto
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