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What Is a Jet ?
dyd®py ;T fh&fu (za) fi (x5

* In a pp/AA collisions, 2 incoming ' H
partons scatter with large momentum
transfer
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e Scattered partons fragment and

hadronize
* This forms back-to-back, collimated Hadrons / eednaenee
sprays of particles — jets [//
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Why Stu dy Jets ? Absolute Energy Loss (medium

VS. vacuum)

* Internally generated probe of QGP

» Jets lose energy in medium (AA)
relative to vacuum (pp)

Relative Energy Loss

* Energy loss is path length
(more mediums vs. less medium)

dependent - giving us information
about Quark Gluon Plasma (QGP)

properties

>
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Reconstructing Jets

* Jets are ambiguous objects — even at
generator level

* Experiments rely on reconstruction
algorithms (decide which particles go in the
jet) and recombination schemes (decide
how to calculate jet properties from particle
properties)

* Example — anti-k; algorithm w/ boost

invariant p;scheme A2
dij = min(k7, k) =
ﬂ’g = L‘EIP ;
B : p= 1

4
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The Problem of Jet Background

* Simplified picture
* Signal/Real particles from hard
scatterings
* Background particles from soft
processes

* Background fluctuates in 1, ¢, event-to-
event

* Jets with combinatorial background

e Jets composed of entirely combinatorial
background
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Measuring Background Fluctuations

* Following the analysis in JHEP 03 (2012) 053

® random cones ceeee utHE = 0.0, WS = 9T, 5= 11.0
o h 1 B2 RC (wiolead. jet o=10.1
Estimate rho ( et
%7 RC randomized ng === "% =.0.9, "% = 8.0, 5 = 8.6

* ksjet finder
* p = median(p;/A)

—_— a, = 144.3. a = 1.4 e/GaV

probability density
=

—y
=]
o

102
* Estimate jet background fluctuations - .
10° i, o
e Draw random cone E X5 Pmdas Gevi
o 6p_|_= pTcone_ D * pcone | 10 E' ; A0
* CalculLate g(6p;) - next slide - ¥ 1Yo e
Random cones E ; : ‘1 *  ALICE
sl 1ddl o oo i s, et
Q . -50 0 50 100
op;" (GeVic)
Excluded

Real jets

@ R=0.4
=0. Q Taken from JHEP 03 (2012) 053

Excluded

)N n Taken from C. Nattrass
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http://nattrass.utk.edu/Talks/WWND2022/NattrassWWND2022.pdf

Characterizing Background Fluctuations

* Following the analysis in JHEP 03 (2012)

053

* Calculate a(6py)

 Compare to model as in (Tannenbaum et. al.)
* Assumes single particle p; spectrum is gamma
distribution, then:

N, = # of
particlesin cone

{
Assumingnoflow @ (dp,) = \beh - 02(p) +Na - (p)2.

) (GeV/c)

”(ﬁlﬂt

Accountsforv2/vd & (dp,) = fohﬁ_a.h 02 (pr) + (Na+ 03p(Na) ) - (po) -

&
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L & random cones

- A RC (w/o lead. jet)
=% RC randomized ng

—— Poissonian limit

- Poissonian limit + v, (o}, =2 Nj v3)

I Poissonian limit + v,,v, (of, =2 NZ (visvd) .
.

s » *

. * P
ﬁ -ﬁ__prﬂ-- e r

Pb-Pb 5 = 2.76 TeV
R =04, p""=0.15 GeVic

2000 3000
N‘fEW
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https://www.sciencedirect.com/science/article/abs/pii/S0370269300013253

Characterizing Background Fluctuations

* Following the analysis in JHEP 03

E . #® random cones
(2012) 053 E L A RC (wlo lead. jet
=15 v RC randomized
¢ CaICU|ate O-(SpT) "‘"E—- — P':'.js.:-s'r;n?anIil'ﬂ;tqJ
« Compare to model as in (Phys.Lett.B 498 S [ hocsonian it vis e A ) .
(2001) 29-34) ol Lot aial
oNccivonnc cinalanackicla T cinnd . . N . ﬁh :
Width of N-fold convolution of zzlstizr;;z:s . o a
_ gamma pT spectrum term - a
N, =# of . term i -
particles in cone \ // 5 |-
. \ J '
Assumingnoflow @ (dp,) = YANLS G2 (p) +Na"[p)2. Pb-Pb (5 = 2.76 TeV
i R =04, p"™" = 0.15 GeVic
D 1 [} 1 [ ] | 1 [ 1 1 | 1 1 [] [} I
\] ~ v 0 1000 2000 3000
Accountsforva/v3 o (8py) = \/Na - 02(p) + (Na+ 02p(Na)) - (p0)2 N
)N
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Characterizing Background Fluctuations

* Following the analysis in JHEP 03

(2012) 053
e Calculate a(6pT)

(2001) 29-34)

gamma distribution, then:
N, = # of

Q)
=
@
Q15
. [y
 Compare to model as in (Phys.Lett.B 498 &
. . . D
* Assumes single particle pT spectrum is Non-
Poissonian
term
(v2/v3) 5

particlesin cone

Assumingnoflow @ (dp,) = JN_& - 02(p) +Na - (p)2. /

. 3 ~ 7
Accountsforv2/v3 o(op) = fohﬁ_a.h - 02(pr) + (Na+ 03p(Na) ) - (po)

62p(Na) ~ 2v3N2

0

OR (0%p(Na) ~ 2N3 (v; +13))

b
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Background Fluctuations - Model Studies

* Following the analysis in JHEP 03 (2012) 053 "Modelstudies of fluctuationsin the
background for jets in heavyion collisions"

* Some questions to ask: Phys. Rev. C 106, 044915 — Published 31
October 2022

&
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. :
What Car_] W.e Ie?m .from this baCkgrO_und Charles Hughes, Antonio Carlos Oliveirada
characterization in simple model studies ? Silva, and Christine Nattrass

A

*What implications does this have for

background mitigation in jet observables in | ‘

2 : S
data &

Charles Hughes Antonio Da Silva  Christine Nattrass
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https://journals.aps.org/prc/pdf/10.1103/PhysRevC.106.044915
https://journals.aps.org/prc/pdf/10.1103/PhysRevC.106.044915

Background Fluctuations - Model Studies

* What can we learn from this Hughes, da Silva, Nattrass
background characterization in simple model Phys. Rev. C 106, 044915
studies ?

* Looking at 2 models

E]}{l "-.II| Str

*Angantyr Pythia - arXiv:1806.10820 s

*MPI/Diffractive Excitation

*TennGen - (github)
*Next Slide

}
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https://arxiv.org/pdf/1806.10820.pdf
https://github.com/chughes90/TennGen
https://journals.aps.org/prc/pdf/10.1103/PhysRevC.106.044915

Background Fluctuations - TennGen  Hugnes dasiva, Natirass

Phys. Rev. C 106, 044915

* TennGen:

What TennGen is for:
a) Computationally cheap way to generate particles
with realist pT spectrum and flow as in heavyion

collisions(and NO OTHER correlations)

b) Understandinghow a realistic heavyion
background affects jet finders/jet observables

c) Developmentof background
subtraction/mitigation techniques

d) Seeing how analysisdepends on background
with/withoutv,, v,, v;, etc...

h
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Background Fluctuations - TennGen  Hugnes dasiva, Natirass

* TennGen:

What TennGen is for:

a)

b)

d)

Computationally cheap way to generate particles
with realist pT spectrum and flow as in heavyion
collisions(and NO OTHER correlations)

Understandinghow a realisticheavyion
background affects jet finders/jet observables

Development of background
subtraction/mitigation techniques

Seeing how analysisdepends on background
with/withoutv,, v,, v;, etc...

Phys. Rev. C 106, 044915

What TennGen is NOT for:

a) NOT a replacement for physics based generators
(HUING, AMPT, JEWEL, etc...)

b) NOT for jet/background physicsinteraction model
studies (e.g. quenching/energy loss/back-reaction)

c) NOT for testing hydro/flow models
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https://journals.aps.org/prc/pdf/10.1103/PhysRevC.106.044915

Background Fluctuations - TennGen  Hugnes dasiva, Natirass

Phys. Rev. C 106, 044915

* TennGen:

 Particle generator meant to simulate t*/-/0, K*/-, 8 o S e N
iy . S B e e e e e T
p, pin 2.76 TeV PbPb collisions (0-5% : 40-50 %) N - e
. . . Lo e el
* Particle py according to fits of data to Boltzmann- B ) o
Gibbs Blast Wave 007 04 08 08 T iz 14 16 is 2 22
r p. (GeV/c)
dzN | PT Sinh [tanh_l (ﬂJ"f”)] m2 + p%, cosh [tanh_l (ﬁgf‘ﬁ )] T
— / 2 5 V
dprdy _NPT[U r'dr (\!m2+pr) X fﬂ( T, ) x K Tiin. v2 for n* & m for 10-20 percent centrality B
. . :,:'_JNOJG_
* v, (py) from polynomial fits to data (v, : vg) > el
0.12;
* Particle ¢ from Fourier Sum 0.1
IN N 5 0.08[—
— =21+ 2u,cos[n(@ — W,)] 0,06/
_ _ dp 2m — . [Phys.Lett. B720 (2013) 52-62]
¢ Partldenunlforrll\llllu-lapluuy app|u1\||||au0n) 0.04¢ L

o i 2 3 4 5 6
pT (GeV/c)
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https://journals.aps.org/prc/pdf/10.1103/PhysRevC.106.044915

Background Fluctuations - TennGen  Hugnes dasiva, Natirass

Phys. Rev. C 106, 044915

* TennGen: 40-50 % 2.76 TeV PbPb event display for sPHENIX

Ejiro Umaka

b
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Background Fluctuations - TennGen  Huhes dasiva Natrass

Phys. Rev. C 106, 044915

* TennGen: 40-50 % 2.76 TeV PbPb event display for sPHENIX

Ejiro Umaka

A
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Background Fluctuations

Eg.5

o(op) = ‘t‘e'“lNA

&
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Pl) + Na - x!’t}

Angantyr / Predicti
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Hughes, da Silva, Nattrass
Phys. Rev. C 106, 044915

- Model Studies

 What can we learn from this background characterization in
simple model studies ?

Pb-Pb at |5, = 2.76 TeV

—a— Angantyr

—— Random Background (eq. 5)

~&~ Angantyr (leading jet removed)

—— Random Background (eq. 5)
Angantyr (2 leading jets removed)
Random Background (eq. 5)

# it gt

—t

n

400 800 1200 1600

2000

ngul

t

o(dp) (GeV/c)

-
o

Abelev et. al. On behalf of ALICE
JHEP 03 (2012) 053

- @ random cones e
- A RC (w/o lead. jet)
—% RC randomized o

= Poissonian limit
Poissonian limit + v, (of, = 2 N v3)
e Poissonian limit + v,,v, (0} = 2 N; (vi+vd)

Pb-Pb Vs = 2.76 TeV
A L I C E R=0.4, p™" = 0.15 GeV/c
‘ |t ARy L |
0 1000 2000 3000
Nraw
input
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https://journals.aps.org/prc/pdf/10.1103/PhysRevC.106.044915
https://link.springer.com/article/10.1007/JHEP03(2012)053

Background Fluctuations - Model Studies

 What can we learn from this background characterization in
simple model studies ?

Hughes, da Silva, Nattrass Abelev et. al. On behalf of ALICE
Phys. Rev. C 106, 044915 JHEP 03 (2012) 053
- 12
:_E: & TennGen, no v, — !
g - m TennGen, with v, § + @ random cones
= 10 — ) = A RC (w/o lead. jet)
& | andom background (eq. 5) 0] , ALICE
k3 : -~ 15 v RC randomized ne
=] : -~ Random background + flow (eq. E] B . | - e oot Bt
[ - _.__d___-f”' ,% - Poissonian limit + v, (of, = 2 N v3)
- (with flow -top) : . B o poisonian it + v, (e =2 (204
6— o e :
[ o 4 ".--_______.l""- 10
4 e
. [ « TennGen
. (without flow — bottom) R
- 5 o
i 1 i "l | | |
‘% 1.06- n " I
21.04; - - I Pb-Pb s = 2.76 TeV
~1.02 . R =04, p™" = 0.15 GeV/
E 1 a . - * 0# ‘ ALIICE : Pt : e,c
Z 0.98; - - - 0 1000 2000 3000
= 500 1000 1500 2000 N
Ns_-aw input

) npul
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Background Fluctuations - Model Studies

 What can we learn from this background characterization in
simple model studies ?

Hughes, da Silva, Nattrass Abelev et. al. On behalf of ALICE
Phys. Rev. C 106, 044915 JHEP 03 (2012) 053
- 12 — ’
::-;" © = TennGen, no v, L - @ random cones
& ‘ID_— ] TE'I“"IGE'H, with Vs % - A RC (w/o lead. jet)
Fal — Random background (eq. 5) 915 —v RC randomized 19 G
E 6 =] BI - Random background + flow (eq. E]__._l_, — E.- -~ Poissonian limit
. ; . 8 Poissonian limit + , (0% =2 N}
q : P § R
G(SPI:’:VfN-\'GE[PtJ_’_(Nr\_FGP::]P(NA))'(Pl}"z- B TP > _,..e-"'f - g LB :\ z.s A
| r - R3
] ....I. - 10 " ; A, AR
EQ.5 0(6p)=1/Na-02(p) +Na-(p)?. — TennGen '
2_
£1.06- [ "L
$1.04 " -
& 1.02- . a i Pb-Pb ﬁ=276 TeV
‘E B & . . i ALICE R=0.4, p™" = 0.15 GeV/c
50.9 : : : 0
% 500 1000 1500 2000 0 2000 3000

2 raw
et Ninput
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Background Fluctuations - Model Studies

 What can we learn from this background characterization in simple model studies ?

* Fluctuations widths dominated by Poissonian number fluctuations (expected as
seen in data)

 However, models such as Angantyr can differ by up to 13 % (no flow) and
Tenngen up to 6 % (flow)

* The fluctuationsin models do indeed depend on the choice of thermal
spectrum etc... —details seem to be ~ 10 % effect

Hughes, da Silva, Nattrass
") ) )
* What can be done : Phys. Rev. C 106, 044915

>
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Background Fluctuations - Model Studies - Unfolding

Hughes, da Silva, Nattrass Phys. Rev. C 106, 044915

 Fluctuationsin models are sensitive to
details of model. What can be done ?

* Must unfold in a model just as done
with data (because models have

* Closure best when using an embedding
technique (Pythia pp embedded in
Pythia Angantyr PbPb)

&
SPHERIIX

background !!!)

[#1] i
E 1.1 (a) Embedding
'I.-__-I- t
- _
E -1I > — _—'_ | :z_'—_"- 1 E
e 'C == | -
> L e
- — Her. 2 — lter. 4 — Iter. &
0.9—
= Iter. 3 lter. 5 Iter. 7
= : :
:- ¥
= q.1— (b) Fluctuation-only
B
o L
=
S T 7T 11 1
I:I.'E!'_—- ' == | ' |
o : i 1 1
E 1.1 (¢) Fluctuation + matching
g
= -— — == —
e C T e | g - -
Eﬂ.g_— ——i_ —p—
20 100 _ 150
jet p. (GeV/c)
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Background Fluctuations - Subtraction

Unfolding in a model to deal with background fluctuations

What about subtracting the background in data ?

Many techniques exist but one standard in the area-based subtraction method

P COIr. — raw * A\
¢ T, jet pT,jet p jet
Iaken frorn arXiv:1702.07231

However, fluctuationsin pT remain after
e (std.Dev.~ 20 GeV forR =0.4)

4, [GeV]

Calorimeter
Towers
»
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https://arxiv.org/pdf/1702.07231.pdf

Background Fluctuations - Subtraction

* Fluctuations remain after area-based background subtraction technique

* But maybe we can devise a technique to correct for fluctuations ?

>
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Background Fluctuations - Machine Learning

* Fluctuations remain after area-based background subtraction technique
* But maybe we can devise a technique to correct for fluctuations ?

* Yep - It's Machine Learning

 Technique from Haake and Loizides:
"Machine-learning-based jet momentum reconstruction in heavy-ion collisions”

Phys. Rev. C99, 064904

* Improves upon Area Based method (reduces fluctuations)

>
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Background Fluctuations - Machine Learning

 Technique from Haake and Loizides:
"Machine-learning-based jet momentum
reconstruction in heavy-ion collisions”

Phys. Rev. C 99, 064904

Hannah Bossi

* Further developed by Hannah Bossi and
used in by her in ALICE Jet RAA

rrvrvr|rrrrrrrrrrrrrrrrrreU1rrrreo|1rrrrr

R
- PYTHIA 2.76 TeV + thermal toy -o— Neural network

[

>
. ‘s 0.14 -
: 5 - A Area-based method 1
measurements (arXiv:2208.14492) 8 0.12F Charged anti-k, jets R = 0.4 -+ Areaibased method 3
= - pe = 40-60 GeV/c 4+ Linear regression -
5 0.1__ T, ch jet -
S - S
- e 0.08:__ o=
Jet Properties ML a F =
(111(3 & —- Corrected Jet Pr = =
: 0.04F =
constituent = 3
properties) D:02E E
% 30 "30 a0
Taken from H. Bossi PYS, o~ Priey o (GEVIC)

PhysRevC.99.064904.

h
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https://arxiv.org/pdf/2208.14492.pdf
https://indico.cern.ch/event/809820/contributions/3632666/attachments/1971676/3280035/HBossi_ML4Jets_2020.pdf

Background Fluctuations - Machine Learning

* Technique from Haake and Loizides: "Machine-
learning-based jet momentum reconstruction in

;

heavy-ion collisions” Phys. Rev. C 99, 064904 S 1.4 ALICE Preliminary, 0-10% Pb-Pb (5,0, = 5.02 TeV =
% Ch-particie jets, anti-kr. |7 | <0.8-R :
 What does this technique buy you ? f'z
E 1 o lf---'l.---'L--J
* "R-dependence of inclusive jet suppression and %”-5 . ll + gl
groomed jet splittings in heavy-ion collisions « |
with ALICE" arXiv:2208.14492v1 05
* Unfolding still necessary

e BUT
* Reduced fluctuations

EALIGE Dala JEWEL wi/n Becails

*Lower momentum (down to p{°t =30 GeV) 100 Hitrid Model w/ Wake ‘|
D '] [ ] 1 1
20 40 &0 80 100 120 140
pT. dh jet l:GEII'HE:I

N Taken from H. Bossi
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Background Fluctuations - Machine Learning

* Following the analysis in Phys. Rev. C 99, 064904 "Using Machine Learning to Improve our
Understandingof the Jet Background in A+A

Collisions"

* Some questions to ask:
5th ML4Jets Workshop — 11/01/22 - 11/04/22

* Can we improve on these results ?
Tanner Mengel

2/ o 2

* Can we interpret the ML methods to improve p;
resolution ?

Tanner Mengel

h
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https://indico.cern.ch/event/1159913/contributions/5062751/attachments/2541030/4374347/tmengel_ML4Jets.pdf
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Background Fluctuations - Machine Learning

&
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Can we improve on results in Phys. Rev. C 99, 064904 ?

Add a more complex generator that includes flow

(TennGen — fit to PHENIX and STAR data) for background

Add in PYTHIA 8 for signal
* Use p;hard bins (1M events / bin)

0.08
l- T

0.06-

> 0.04-

Mengel
"Using Machine Learning to Improve

our Understanding of the Jet

Background in A+A Collisions"

PHENIX Phys.Rev.C 93 (2016) 5, 051902
Phenix Au+Au 200 GeV

PYTHIA 8 is truth, we want to predict p; /™" : +v, MC
! 0.02_ A ___V2 fit
. ] o;—. =V, data
TennGen fit to RHIC data is background
0 0.5 1 1.5 2 2.9 3 3.5p ((43eV/255
Taken from T. Mengel
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Background Fluctuations - Machine Learning

Mengel
"Using Machine Learning to Improve our

* Can we improve on results in Phys. Rev. C 99, Undorstanding of the ot Backeround in
064904 ? - 2 methods A+A Collisions"

Physics Inspired (Multiplicity)

COIT. — uncorr. jet jet
I:)T = Pr - rhO(NJ constit. ~ <N/ pythia constit.>)

Deep Neural Net (DNN)
Architecture: [N, 100, 100, 50, 1]

Features: [11]
O OutputLeyer Inspired by:

G(8p) = \/Na-02(p) +Na - (p)2.
Assumingno flow

o(op) = y"ff'"*r.-m -02(p) + (Na+065p(Na)) - (pi)?.
Accounts for v2/v3

N Taken from ResearchGate
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https://www.researchgate.net/figure/A-cartoon-of-a-deep-fully-connected-neural-network-illustrating-the-description_fig1_324643720

Background Fluctuations - Machine Learning

Mengel
"Using Machine Learning to Improve our

* Can we improve on results in Phys. Rev. C 99, Undorstanding of the ot Backeround in
064904 ? - 2 methods A+A Collisions"

LT
Physics Inspired (Multiplicity)

T — . jet jet
p_l_corr - p_l_uncorr - rhO(NJe constit. ~ <NJe pythia>)

Deep Neural Net (DNN)
Architecture: [N, 100, 100, 50, 1]

Features: [11]
O Output Layer Inspired by:

G(8p) = \/Na-02(p) +Na - (p)2.
Assumingno flow

o(op) = y"ff'"*r.-m -02(p) + (Na+065p(Na)) - (pi)?.
Accounts for v2/v3

. Taken from ResearchGate
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Background Fluctuations - Machine Learning

Mengel
* Can we improve on results in Phys. Rev. C 99, 064904 ? "Using Machine Learning to Improve our
- 2 methods Understanding of the Jet Background in

A+A Collisions"

L —

LT
Deep Neural Net (DNN) Physics Inspired (Multiplicity)

Architecture: [N, 100, 100, 50, 1] P co = pLuncort _ rho(NJet .. - <Njetpythia>)
Features: [1]

* DNN is powerful but black box
* Want to understand it better ?

e Symbolic regression

h
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Background Fluctuations - Machine Learning

Mengel
. . "Using Machine Learning to Improve our
* Sym bOIIC RegreSSIOn Understanding of the Jet Background in
* Genetic programming where "traits" = operators A+A Collisions"
. . . . . Parent
* Each iteration creates new population with traits
from each parent. =
* Highest performing offspring selected ® - v @
* Plan Offspring
* Train DNN for jet p; regression
* Fit input space to DNN prediction using Symbolic . b

Regression implementationin PySR

32
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Background Fluctuations - Machine Learning

Mengel

"Using Machine Learning to Improve our
Understanding of the Jet Background in
A+A Collisions"

* Highest Scoring looks like multiplicity method !!!

3.0 = Physics Inspired (Multiplicity)
-Clpr?evr ; ;
o p.cort. = p_uncort. _ rho(NJet - <Niet . >
2 -P?_",Zl’ee"“‘" T pT ( constit. pythia constit. )
,é‘ : -D‘;“?}L b ClNlmcks
>
'é_ -pﬁig(_cl(Ntracks_Cﬂ C > <N
8 20 -Clpi;:[ = C2(Nrrark's o C3) C1 -> p 2 ythla
w0
o -pRaw = C1(Ntracks = C2) — ’7_(:/—: 0.9
8 ) R S Au+Au  Pb+Pb 5 ' AutAu  Pb+Pb
o 18 EEP75%: = Ca(Neracks = C2) + —= & 08l : (ppysr ) 8 fpysr ) 2 1af- @ N3 O NG
o ) T pos Pmutt. Pmuit. s N Pythia N Pythia O
3 E7%, — C1(Niracks = C2) =~ %07 2 12 - | { i ; -
1) T jot VA ©
5 3 0 g g o g | Ewr %
5 £ 0.6 O 9 % 8 a :
w - vl
05 e o | =
eos- ® § ® ® ® G 6 ﬁ -
= 3 a4
€ 04 a) “ i b)
0.0 ” 9 o Z 2f
>
Equation Complexity w I I I I I | 1 i 1 |
0.3 0
02 03 04 05 06 02 03 04 05 06

Jet Radius Jet Radius
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Background Fluctuations - Machine Learning - Results

 Compare performance across methods Mengel |
"Using Machine Learning to Improve our

Understanding of the Jet Background in
* Measure 6p-|- = prredlcted - p_l_pythla A+A Collisions"

e Extract variance (next slide)

a)R =02 b) R = 0.4 c)R =056 4+ Area Method
10° 3 10° 3 10° 3 # Deep Neural Network
C Aut+AU 200 GeV C Au+AU 200 Gev - Au+Au 200 Gev <+ Multiplicity Method
10 = pr = 20 GeY " 10 = gy = 20 GeVY C 10 = pr = 20 GeY
= i oy i oy i
E lﬂ_l - E 1{]_1 — E ]n—l :_
s ! & -
Z z E 2
2 > 2 ’ 3
= £ ™ £
=4 L = I =
& 10-2F 2 1 % & 10-2| f: - & 102
- -
iz 3 = T 3\ )
. ;-' ‘ . " -
™ % #a * ;
1{]—3 1 | 1 |5_‘| I T | | L1 11 I. (| |z| L 1':]_5 | I .[! I | L Ii L1 | |E.| | 1 ].E'_j I -l [ |
—10 -5 0 5 10 -15 =10 =5 0 5 10 15 =20 —10 20
Sp1(GeV/c) 6p1(GeV/c) &p;(GeV/c) Taken from T. Mengel

L A

&
SPHERIIX
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Background Fluctuations - Machine Learning

Mengel

* Extract variance of 6pT distribution "Using Machine Learning to Improve our
Understanding of the Jet Background in
A+A Collisions"

6 16r
S [ a)R=02 Au+Au 200 GeV S 12~b)R = 0.4 Pb+Pb 2.76 TeV S [c)R=06
S s B Deep Neural Network |§ [ [] Deep Neural Network | 14 C o006 o666
- @ Area Method = 10 ) Area Method O
s F # Multiplicity Method | & *°F <7 Multiplicity Method | & 121~
290 69000669 |2 L 06096066 2k
$ N E $ = e_e_ ﬁ ~
e 3 o . N o g
E F E b E F e
P teaged s [ 3 (et -
@ 2 - —.—_._ w - T o
EE o 0o0q |t %iﬂ‘—j%:—%':%% 5 4-_.*%@5#3@'—&
E - '.'-.-_._ E - bl E -
1 _ C
5 F g | z_ﬁ#w s FEE R
o o [ b F
DIJIIIIJIIIII.JI[IIJ {] IlIIJIIIIJIIIII.JI D IIIIIlIIJIIIIJIII
0 20 40 60 60 0 20 40 60 a0 0 20 40 60 80
Jet Momentum (GeV) Jet Momentum (GeV) Jet Momentum (GeV)

Taken from T. Mengel

b
B & Charles Hughes | BNL Physics Seminar | 02/07/23 5@E 35



https://indico.cern.ch/event/1159913/contributions/5062751/attachments/2541030/4374347/tmengel_ML4Jets.pdf
https://indico.cern.ch/event/1159913/contributions/5062751/attachments/2541030/4374347/tmengel_ML4Jets.pdf
https://indico.cern.ch/event/1159913/contributions/5062751/attachments/2541030/4374347/tmengel_ML4Jets.pdf
https://indico.cern.ch/event/1159913/contributions/5062751/attachments/2541030/4374347/tmengel_ML4Jets.pdf

Background Fluctuations - Machine Learning

Area based method performs the worst (highest width) engel
sing Machine Learning to Improve our

derstanding of the Jet Background in

DNN performs best in almost all cases A Collisions”
S ¢)R=0.6
$ |BUT o o-0-0-0-0-06
5 § Multiplicity method (most transparent) surprisingly good ! As
E good as DNN for R=0.2, R=0.4! Almost as good for R=0.6!
s IR S
G oy g B =
% MMM s I - e s EESETE
22 s = 2 S - SEaREEEELE
S - |5 - *=.=.:-_‘:.—_—.——_': 5 2 '_i:.:
BDIJIIIIJILIIIJILIIJED'—IlII]IIIIJIIIIlJIbD:IIIIIlIIJIIIIJIII
0 200 40 60 80 0 20 40 60 80 0 20 40 60 80
Jet Momentum (GeV) Jet Momentum (GeV) Jet Momentum (GeV)
Taken from T. Mengel
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Background Fluctuations - Mitigation

* We see that background subtraction can be heavily informed by machine learning
methods where model studies play a crucial role

* We learned that these methods can often point to a simpler/more transparent
background subtraction method

 What about the problem of combinatorial jets? Can we use model studies to look
at mitigating those?

SPHE@ Charles Hughes | BNL Physics Seminar | 02/07/23
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Background Fluctuations - Mitigation

 What about the problem of combinatorial jets? "Separatingsignal from combinatorial jetsin a
Can we use model studies to look at mitigating high background environment
those? arXiv:2301.09148v2 — (also submitted to PRC)

* Look at the effect of cuts on removing Patrick Steffanicet. al.

combinatorial jets.

* Can we come up with a set of cuts to better
remove combinatorial jets from signal (hard-
scattering origin) jets ?

. 4 o o
Patrick Steffanic

>
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Background Fluctuations - Mitigation

&
SPHERIIX

Can we come up with a set of cuts to better Stiffa;;%itbgll-% :
remove combinatorial jets from signal (hard- AANAS LSSl
scattering origin) jets ?

Machine Learning (Random Forests)

Pythia 6 signal A

//— Real jets
> P
/ Combinatorial jets

Taken from C. Nattrass

Jet-like

TennGen background

-like

-

Background
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Background Fluctuations - Mitigation

&
SPHERIIX

Can we come up with a set of cuts to better
remove combinatorial jets from signal (hard-

scattering origin) jets ?

Combinatorial jets: p;°*"@ < 2R GeV

Signal jets: p;”Ythia > 0.8 * p hard min. GeV

Observables:
Area: N, <A,>
Jet Width: 27,(AR; ;.,)/p**
Leading hadron p-
Mean constituent pT: <py .,nstit.>

Charles Hughes | BNL Physics Seminar | 02/07/23

Steffanic et. al.
arXiv:2301.09148v?2

p, [GeV)

. Area

anti-k,, R=1

Average p,

=

Leading p;

=

Taken from C. Nattrass
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Background Fluctuations - Mitigation seftnicetal

arXiv:2301.09148v?2

e Can we come up with a set of cuts
: . EXAMPLES
to better remove combinatorial jets

from signal (hard-scattering origin) jets ? .

e Random forest Ensemble Oracle Method

Taken from Tensorflow Blog

* Train random forest

° Apply Single decision tree to Parameter name This study | Default
. . n_estimators 200 10
predictions of random forest max_depth 3 Nome
min_samples_leaf 100 1
L. min_weight_fraction_leaf (1.1 0.0
e Extract top level node of decision tree pax sl 0.9 1.0
e This is the cut ! random_state 42 None

Charles Hughes | BNL Physics Seminar | 02/07/23 5@@ 41


https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=65ff81a06dfc0fb8dc6338c233e80a631ea25d73
https://blog.tensorflow.org/2021/05/introducing-tensorflow-decision-forests.html
https://arxiv.org/pdf/2301.09148.pdf

Background Fluctuations - Mitigation sefanicet.a

arXiv:2301.09148v?2

 Can we come up with a set of cuts to better remove
combinatorial jets from signal (hard-scatteringorigin) jets ?

* Baseline "canonical cut" — A > 0.61tR?

100E| I | I I | I | I I | I I I | I I | I I | I I | L I | I I 1 I L I | L I | L I L g
E a) ~ A> 0.67R2 b) c) Inclusive Signal 3
- Inclusive Combinatorial
?é 10_1|§— ‘ N\ I,Y\ h\ Signal E
~ ENy N\ / W " = A>0.6nR? :
ElO_Qh— “ \ l’ \‘ :“‘ - Combina’[orial2 -
2 * * A > 0.6mR :
3 - N\ + I \‘ Tl " .
s10-9F | \ T [ S S ' .
3 / \ |
= \ \ \ n
~ | |
~ 10~ | \ T T 1 -
\ | ' 1
10—5 I 1 | 1 I | 1 | I 1 | 1 ; 1 | 1 i I L1 11 I L1 11 I L1 11 I L1 o | I L1 I I'I |||
0 20 40 60 8.0 0.1 0.2 0.3 04 O

X=pl.[GeV/(] X=X}
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Background Fluctuations - Mitigation

Steffanic et. al.
arXiv:2301.09148v?2

 Can we come up with a set of cuts to better remove
combinatorial jets from signal (hard-scatteringorigin) jets ?

* From Random forest — p;'¢2% "k > 5,036 GeV/c (+ A > 0.6mR?)

'l{"l_l 'I' LI I LI I LI 'l LI I UL |_--_| LI L I | L I L L L 'l | I I E_I 1T 11 I LI L 'I' L I 1T 17T
a) A~ 0.6rR2 ,I ¥ b) ¥ ¢) Inclusive Signal

10! }'J-:!- = 5036V /o | T / \ T . Iglclusiue Combinatorial
- = ] igna . =
H; - ‘ -— A > 0.6 -]
] .H]_EE_ | ] / I' pl = 5.036GeV/c -
=z i . / \ 1 Combinatorial E
- B £ - — A - 0.6m R~ =1
103 4 — A\ - pl = 5.036GeV/e =

s — ,f‘ | ! / l '"‘. | 1 /!
=101 4"""‘"' “ 4 / ’f + -
\ I i
1{]—‘3 I ] | ] I | [ | I [l ] | | | ] | ] I | I | | | | I 1 ] 1 I || | | | | ] 1 I 1 1 I ] ' I | I [ ] 1 | I | | 11 I ] | | | I
0.0 0.2 (0.4 0.6 0.5 0.0 0.1 0.2 0.3 0.4 0 1 2 3 :
X=A X=M] X=(pr)[GeV/d
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Background Fluctuations - Mitigation samicet .

These cuts work well but ALWAYS leave a population v2
* Can we come up with a set of cuts to | of combinatorial jets that look like signal jets. The
remove combinatorial jets from signa addition of the leading hadron p; cut removes a lot
. c ey of combinatorial jets compared to area cut alone.
scattering origin) jets ?
* From Random forest — p;'¢3d k- > 5.036/GeV,
1{-'” 'I' LI I LI | LI '| LI | L L I_E!_I LI L LI | LR UL '|' L | I _g_l 1T 11 | LI L 'I' L I 1T 17T
a) A= 0.6rk? i * b) * c) Inclusive Signal
AT T P T T Inclusive C ]l 1al
“}é 10-1 - Py = 5.036GeV e "-I \ . gicg;iz:va ombinatoria -
T - [ \ - A > 0.6mR? 3
_?. 1{]—2 I I I' I:l.:. = 5.0360e 1.-"_.-:{!
o E \ E - - 3
e S | F F Combinatorial -
= F ! T / ¥ A - A= 0.67R? -
L 'I. -+ | A T Y0 pl > 5.036GeV/c -
2 Lmd \ {1y 1\
—~ 104} =1 -+ [ | +— Ml i
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Background Fluctuations - Mitigation

Steffanicet. al.
arXiv:2301.09148v?2

* Can we come up with a set of cuts to better
remove combinatorial jets from signal (hard-
scattering origin) jets ?

 From Random forest — p,'e2d-tk- > 5 036 GeV/c

* This cut does induce a bias towards quark-like jets

O
c
’ A lead. sub 3 o
nark ead. subjet
G @=912CeV ) pr 3
W O R—04 'l Zgubjet — pﬁt < - A}O.B'ITRQ
= ~ NLL' ’
T oo eter T 0.7 pl.>3.0 GeV/c -
= ' Leading/inclusive jets o 1
s | ' Neil,Ringer, Sato === A>06mR", py.>5.036 GeVic
AN 210316573 0.6} —
) S TR T N (N TR TN W N TN N M A O O MM |

0.2 0.4 0.6 0.8 1.0

Zsubjet

h
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Background Fluctuations - Conclusions/Takeaway:

* The details of the background matter — even in a model

h
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Background Fluctuations - Conclusions/Takeaway:

* The details of the background matter — even in a model

* The best way to detail with background in models is to treat it exactly like
the data (e.g. unfold the data, unfold the MC)

h
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Background Fluctuations - Conclusions/Takeaway:

* The details of the background matter — even in a model

 The best way to detail with background in models is to treat it exactly like the
data (e.g. unfold the data, unfold the MC)

 Machine learning background subtraction — powerful but obscure

>
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Background Fluctuations - Conclusions/Takeaway:

* The details of the background matter — even in a model

 The best way to detail with background in models is to treat it exactly like the
data (e.g. unfold the data, unfold the MC)

 Machine learning background subtraction — powerful but obscure

* Multiplicity method (and similar methods) more transparent and nearly as
effective in our studies (and can be informed by ML)

>
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Background Fluctuations - Conclusions/Takeaway:

&
SPHERIIX

The details of the background matter — even in a model

The best way to detail with background in models is to treat it exactly like the
data (e.g. unfold the data, unfold the MC)

Machine learning background subtraction — powerful but obscure

Multiplicity method (and similar methods) more transparent and nearly as
effective in our studies (and can be informed by ML)

Combinatorial jets are a tough problem — no silver bullet
e Cuts always leave some combinatorial jets that look like signal jets — may bias jets
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Backup

 TennGen v1 (PbPb E - .
@ — Von Neumann Sampling
only) i — TF1 Sampling
s
« TennGen v2 (AuAu) £ =E
T =
1::-5—
E‘E
T W L

Event Iteratom Mumber

»
SPHE@ Charles Hughes | BNL Physics Seminar | 02/07/23 5@@ 52



Backup

e Spectra shapes compared to Gamma Distribution

2 @

S1o" —&— Angantyr € 10°

S0 = I" Distribution £10°

e ~10*
10 "
108 12
107 10

1
108 L
0

Elln‘lf_ :@-104

= - E

: -

& =
‘7F 10
0 10

1E 1
0 10 20 30 40 50 80 _ 70

Epf;k in rand. cone (GEUJ"‘C}

—k— TennGen

== " Distribution

= IIIIII| IIIIIIII| T IIIIIII| IIIIIIII| IIIIIIII|

—20 50 80 7

Epﬁk' in rand. cone {GEVfC}
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Backup

e Spectra shape compared to Gamma Distribution (Angantyr Only)

5 10° — e 2.76 TeV PbPb Data | < 0.8
'—
5 = ——— 2.76 TeV Angantyr PbPb MC | < 0.9
c‘; - I" Fit to Data
10 -
% = I" Fit to Angantyr
=2 C
g 10
Zi_ =
c_ -
& 1=
107
10_2;|||||| [
= 1 .1—M
LL Fy
e 1t N
i} $ :
m | e
g 0.9 o
0.8

05 115 225 3785 445 5
p, (GeV/c)
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Backup

|3

PYTHIA8 (Signal): P e 0L a0
* 25 Million (1 million perq hard bin) p+p o
events at 200 GeV, Tune 4 o
TennGen (Background): c. Hughes et al Phys. Rev. C 106 (2022), 044915 o |
* Multiplicity: Sampled from corrected N, > -v, MC
: = = 2
distribution s7ar phys.Rev.c 79 (2009), 034909 i .
. gT: Identified particle p; spectrum fit with ., E <
oltzmann-Gibbs Blast wave PHENIX Phys.Rev.C 88 (2013) 2, 024906 O“F—- v, data
* ¢: Identified particle flow harmonics (v,, jpemtens b penloene Luns fuschmsns
V3, VUy) PHENIX Phys.Rev.C 93 (2016) 5, 051902 p. (GeVic)
* 7: Uniform distribution |n| < 1.1 " T ———

Merge PYTHIA8 charged particles with
TennGen Au+Au 200 GeV background is

= :
Find anti-k jets 2
k. X

* Only save jets with pRYTHI4 55 0 GeV

* ~30 Million jets per dataset o

Take pRYTHIA 6 be truth value

* Train-Test split: 20/80% 0
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Backup
Feature space optimization

* Mutual Information: I(X;Y) = T T
H(X,Y) — H(X]Y) —=H(Y|X) 1000

* Permutation Scoring: Randomly

o 1. K(pirack) -3 S(ptrack) .3 p:lunco«.

.4 Gz(p;ack 5. N?;:il 6. acks

100

permutes feature to see change o P T
in Cost (mean squared error) 2 e e S
evaluation = | ‘\ .
=HNO- ; b
e SO
| ' W";‘ W b
0= 18 ¢
20 40 6 80
HOXY) MSE = _Z(pPYTHlA Predicted * p?YTH'A [GeV]

&
SPHERIIX
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Backup

Genetic programming where ‘traits’ = operators.

Parent
Each iteration creates new population with traits from each
parent. Highest performing offspring are selected. m
Proof of concept (Area correction):
Target = area_based prediction
Inputs = jet_pt_raw, jet_area, median_pt_over area . - = .
Complexity Loss Score Equation -
1 1.788e+82 4.2922-81 jet pt raw
3 5.111e+81 6.8322-81 (jet_pt raw * 8.7568252) Offspring
4 8.5342+08 1.798e+8@ (jet pt raw - (jet_area * median_pt over area))
5 8.4120+88 1.4402-82 (jet_pt_raw + (median pt over area * -8.4965229)) ol
g 8.237e+88 5.2562-83 (((jet_area - median_pt over area) * 8.4788@8952) - (jet_pt raw * -8.0821865))
15 8.1150+480 2.473e-83 ((((jet_pt_raw - ((median pt over area * 8.4907483) + 1.1289326)) - -1.282973) * 0.96711856) - -9.05751643) . .
PySRRegressor.equations_ = [ sqrt 1 x_2 X3
pick score equation \
8 8.0ee0ee jet_pt raw x_3
1 8.6083197 (jet_pt_raw * ©.7568252)

2 »»»»  1.789805 (jet_pt _raw - (jet_area * median_pt over_area))

57
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Backup

* SR models are good if defined arithmetic
expression exists that maps inputs to

outputs f(x)=y

Family of Functions

* DNN models are good at factorizing and
approximating multivariate mappings:
f(x[theta) = yhat ~y

fw(x)  fire(x)

“True” Function

* Plan
1) Train DNN on jet pT regression
2) Fitinput space to DNN prediction using PySR e () g’g;;;‘;;;i‘;";.‘;f’ffgj; i g

h
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Backup

* Can we come up with a set of cuts
to better remove combinatorial jets
from signal (hard-scattering origin) jets ?

e Silhouette Measure:

* 3 =<d;>

 (avg.distance b/w jet candidate and others in its

own cluster)
* by=<d;>

 (avg. Distance b/w jet candidate and others in

other clusters)

* s.=(b,-a)/(max[b,a])

Steffanic
"SeparatingSignal from Combinatorial Jetsin a

High Background Environment" (arXiv entry)

AZA P ama P (p)i=p)y P PrimPry
d; ;= =)+ L) +H— L) H——25)

| max min / max min / / \max min v L.max L.min

Angularity Average p, Leading p;

ém@ N || =

* Silhouette value b.—a,
"~ max[b,,a]
ax|b,,q,
A 0 1
[ ' -
|
Looks more like Indistinguishable Looks more like
another cluster from other clusters its own cluster

Taken from C. Nattrass

b
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Backup

* Can we come up with a set of cuts
to better remove combinatorial jets

from signal (hard-scattering origin) jets ?

* Silhouette value

-1

b,—a;

"~ max[b,,a]

0
]

1

|

Looks more like
another cluster

Indistinguishable

from other clusters

-

Looks more like
its own cluster

Taken from C. Nattrass
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Backup

These cuts work well but ALWAYS leave a population
e Can we come up with a set of cuts of combinatorialjets that look like signal jets. The

to better remove combinatorial jet' addition of the leading hadron pT cut removes a lot

of combinatorial jets. 1
from signal (hard-scattering origin) j < i gl
Looks more like Indistinguishable Looks more like

another cluster from other clusters its own cluster

Taken from C. Nattrass
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