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Motivations KNOXVILLE
* Using a deep neural network for jet
background subtra C.t|0n INCreases R. Haake Phys.Rev.C 99 (2019) 6, 064904
momentum resolution for LHC 3 0-14E-pYTHIA 2.76 TeV + thermal toy - Neural network =
ene rgles 30.12 :_Charged anti-k; jets R =04 : F{raenadoransforerg? =
o 2 - p'T'“:h - 40-60 GeV/c -+ Linear regression 5
» Develop similar method for RHIC 5 O r
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Event Simulation KNOXVILLE T

1 . FPHENIX Phys.Rev.C 93 (2016) 5, 051902
¢ LHIAS (Slgnal)' . 0.08 PhenixAny+Ae\E 200 GeV
25 Million (1 million per py hard bin) p+p ¢ ¥
events at 200 GeV, Tune 14 006
* TennGen (Background): c. Hughes et al Phys. Rev. C 106 (2022), 044915 o -
T e e e > 0.04
* Multiplicity: Sampled from corrected N, - v, MC
distribution  s7ar phys.Rev.c 79 (2009), 034909 GisaE- v fi
. ET: Identified particle pr spectrum fit with c ® 2
oltzmann-Gibbs Blast wave PHENIX Phys.Rev.C 88 (2013) 2, 024906 O‘F =V, data
* ¢: Identified particle flow harmonics (v,, R B e Y
V3, U,) PHENIX Phys.Rev.C 93 (2016) 5, 051902 b, (GeV/c)
* 1: Uniform distribution |T‘|| <11 "€ STAR Bhys.Rei.C 79 (2009, 034909 = 200 Gov Aushu
mO:S%raw

—

* Merge PYTHIAS8 charged particles with

5-10
10-20%
TennGen Au+Au 200 GeV background % i
60-70%
* Find anti-k jets % i
* Only save jets with p2YTH14 5 5 0 GeV e

* ~30 Million jets per dataset

e Take pEYTHIA {5 be truth value
* Train-Test split: 20/80%
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Jet Background Subtraction KNOXVILLE T

* Area Based Background Subtraction:

Corr. Uncorr.
*Pr = Pr 35

G. Soyez https://arxiv.orq/pdf/0905.2851.pdf

median
- 30 } " ;
0.12 — 40 < p?'™* < 50 GeV °
N + Area c = 4.15 25 | 1
01— -
L S
kT Jet
z‘ : \ 2 m ) _ p T U
@ L s - kr Jet
> B & + L ] 15}
5 0.06— ; L -
s L : [ b
€ P " " @ °.
0.04 — - P o J o 0.0
B e 1 5 .....' e ® . cennsl
: & ..\‘. 8§ @ v .
002 |— L e 0 t . N N .
- \.'
B P o e -4 -2 2 4
0 Mﬁ?‘?. AT B A S S IR S S N A A "l"|-'3-1'm4
-20 -15 -10 -5 0 5 10 15 20
dp,

11/3/2022 Tanner Mengel ML4Jets 4



TENNESSEE fg §

DeeE Neural Network KNOXVILLE

* Deep Neural Network (DNN): o
. Architecture]:egll\]lr,w})g)r(.),100, 50, 1] c +Area +DNN

* Features: pr

Track 0 Track 7
pr —Pr

e Similar architecture to neural
network laid out in paper

’ N tracks s A]et/
-.—J_._'—.—'—.—s—.—-l_._. -

o of Gaussian fit
w

IIII|IIII|IIIIIIIII|IIII|IIII|I

R. Haake Phys.Rev.C 99 (2019) 6, 064904 s e
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e Mutual Information: I(X;Y) =
H(X,Y) — H(X]Y) =H(Y|X) 1000

* Permutation Scoring: Randomly
permutes feature to see change

R = 0.4, Features Scores 1-6

e 1. K(p;r:ack) D S(p!;ack) .3 pi:l.uncorr.

.- oratracky o Signal iet
4'0(pT ) *S. Ntracks 6. racks

in Cost (mean squared error) &
evaluation > -

~1000 &

H(X) HY) : ‘;. .'
~2000—
N 0
1 .
TREE) MSE = NZ(p;l;THIA . p?;edwted 2 p_IF_‘YTHlA [Gev]
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Shallow Neural Network KNOXVILLE
 Similar Performance to Deep Sl
Neural Network S - Area 4 SNN
* From ~16000 parameters to 36  _ 4:_ 4 DNN
= . - 5
% N —— —
R
1
O s 00

p$YT""A (GeV/c)
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Phxsms Intuition + ML KNOXVILLE T

. chf,istit appears near the top of

perm Utation Im porta nce - R = 0.2, Features Scores 1-6
. . . . = e 1. jetmultiplicity o 2.( track y e 3, track,4
» Width of residual is driven by 1000 i il o
o4, pT ' 5. Nlracks 6. pT ,

particle number fluctuations

ALICE JHEP 03 (2012), 053 § O bosss
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ultiplicity Method

* Multiplicity Based Subtraction:
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i
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* Deep Neural Network will always perform best
e Shallow Neural Network can be engineered for similar performance
e Jet track multiplicity method comparable to ML

24

o of Gaussian fit

E_ 4 6 r
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Results

MSE = NZ(pPYTHIA p?;edwted
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* Multiplicity and Area based methods are consistent at all momentum regions

11/3/2022

MSE,,,

10

e - Area R=0.2 -+ Area R=0.6

- —s=— Multiplicity R=0.2  ---=-- Multiplicity R=0.6

- —=— SNN R=0.2 --&- SNN R=0.6

| —=— DNNR=0.2 ---5-- DNN R=0.6
Illlllll]IIIIJIJlIIIII]IIIIJ[IIIII]lI

0 10 20 30 40 50 60 70

p‘l:YTHIA (GeV)

Tanner Mengel ML4Jets

11




Somethlng to think about KNOXVILLE T

* ML is highly dependent on training set
* Need clear understanding of how your model is biased

10 10
10_11 N S Trained on flat distribution 10_1 S Trained on flat distribution
e 10:2 0 #® Trained on realistic distribution — 10:2 #® Trained on realistic distribution
S 10° S 10°
g 10 g 10
= 107 = 107
slg 107, gz, 10,
=810, 2| 819,
o 10_g S 10:9
= 515910 - §1BQ1°
= 111 P
118,12 Deep Neural Network = 11 8_12 Deep Neural Network
-13 R, -13
194F R=0.2 060% 1044E R=0.6,060%
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Conclusions

* Machine Learning can be used as a tool
to improve understanding of a complex
problem (Jet background subtraction)

* Jet track multiplicity can be used to
improve background subtraction over
current methods

* ML methods need refinement and clear
understanding of what it’s doing
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Back-up
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Th x/ RN PYTHIA _ . Predicted
e S MSE = NE(pT,i — DPr;i
7

* The relationship between input features and corrected jet
momentum is dependent on ... the jet momentum!

_ h_test jet pt pythia
2 "?'.:. 1 - h_test_jet_pt_pythia
107 S - Entries 6744874
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10— 16— = Simple NN —=— DNN
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Jet Simulation Routine

* Merge p+p PYTHIA events with
TennGen Au+Au background

* Find anti-k jets
PYTHIA

e Only save jets with p% > 5.0 GeV i

e Take pEYTHIA to be truth value
* Train-Test split: 20/80
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Test (full) and Train (open) Data
4 R=0.2 x(1e1)=+R=0.2 x(1e1)
4 R=0.3 x(1e3)=+R=0.3 x(1e3)
- R=0.4 x(1e5)+—+R=0.4 x(1e5)
R=0.5 x(1e7)-— R=0.5 x(1e7)
4 R=0.6 x(1e9)+3 R=0.6 x(1e9)

M
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F 03[ a
C N 02F
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Jet
*N constit a4PPEArs near / Single particle spectra\

the top of permutation | ,(p,, p,bhﬁ(b p,)'e™ [ Ep,of N particles - N-fold convolution: -
importance [def o 20)=tp eﬂ,‘pr]*fN(pr,p,b)=fr(pT,Np,b) BT, (ps.Np.b)
: : : dy Trrmm o —Now g2 _Np_ _YNp_
* Width of residual is P g - I\V AR Y= =Nty O = w/ﬁa‘,/r
. . Pr O
driven by particle Qmmmﬂa,.l.mmm, 4 '
number ﬂu ctuations Assumes shape Add Poissonian fluctuations in N: am,=\/N of,r+N u,

ALICE JHEP 03 (2012), 053

number

[ Add non-Poissonian fluctuations in N due to flow } Assumes
fluctuations

o uncorrelated
meF\/N 0§,+(N"|22,, V:]ﬂi,

o= \/NGIET + (N + ZNZE Uy U5
Corr. Uncorr. _

_ Jet
Pt = Pr P Nconstit
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* TensorFlow Keras Sequential
Models:

* All Models:
* ADAM Optimizer
* Standard Scaling

* 100 Epochs (unless early stopping
is triggered)

* Cost Function/Metrics = Mean Sq.
Error

e Batch size = 1000
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jet_point_cloud

P — ["jet pt _raw","jet _nparts"

o ;zxf ,"jet_angularity”,

e "jet_track pt_0","jet trac
| k pt_1","jet_track pt_2",
"jet_track pt 3","jet _trac
k pt 4","jet track pt 5",
"jet track pt 6",

"jet track pt 7]
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Energy Flow Network

e |IRC safe network

* Proof via deep sets Theorem:
https://arxiv.org/abs/1810.05165

Particles Observable

Per-Particle Representation Event Representation

Energy/Particle Flow Network




