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Jet quenching in heavy-ion collisions

CMS Experiment at LHC, CERN
Data recorded: Sun Nov 14 19:31:39 2010 CEST
Jeto, Run/Event: 151076 / 1328520
pt Z 262 TeV Lumi section: 249
357

Jet 1, pt: 70.0 GeV|

Jet 0, pt: 205.1 GeV

CMS Experiment at LHC, CERN

Data recorded: Sun Jul 12 01:52:51 2015 CDT
Run/Event: 251562 / 310157776

Lumi section: 347

Dijet Mass 5.4 TeV
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Jet quenching in

CMS Experiment at LHC, CERN

Data recorded: Sun Jul 12 01:52:51 2015 CDT
Run/Event: 251562 / 310157776

Lumi section: 347

Dijet Mass 5.4 TeV
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Jet 0,

pt =2.62 TeV.
eta=0.357
phi = 0.346
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CMS Experiment at LHC, CERN

Data recorded: Sun Nov 14 19:31:39 2010 CEST
Run/Event: 151076 / 1328520

Lumi section: 249

Jet 0, pt: 205.1 GeV

Jet 1, pt: 70.0 GeV|

quenched jet



Jet quenching in heavy-ion collisions
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ot o Scancia

Jet 1,

pt =2.55TeV.
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CMS Experiment at LHC, CERN

Data recorded: Sun Jul 12 01:52:51 2015 CDT
Run/Event: 251562 / 310157776

Lumi section: 347
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event

CMS Experiment at LHC, CERN

Data recorded: Sun Nov 14 19:31:39 2010 CEST
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Quark-gluon
plasma

jets are probes to
the medium




Universality of jet quenching

A complicated object in a
complicated medium:
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Universality of jet quenching

A complicated object in a
complicated medium:
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Factorization:
jet quenched jet in vacuum lost energy to
in medium the medium
pr prte jet energy loss

distribution D(¢)

— - contains all the information
on the interaction with the
medium

o™ = D(e) ® o¥3¢ D(elpr, Cr,4(T), L, R)
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Universality of jet quenching

A complicated object in a Factorization:
complicated medium: hqvonched e oSN
pr prte jet energy loss

distribution D(¢)

— - contains all the information
on the interaction with the
medium

o™ = D(e) ® o¥3¢ D(elpr, Cr,4(T), L, R)

Universality of jet energy loss:

All jets lose energy to the medium
in the same way

7
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Universality of jet quenching

A complicated object in a Factorization:
complicated medium:

in medium

lost energy to
the medium

prte jet energy loss

Pr
distribution D(¢)
— - contains all the information
on the interaction with the
medium

0} — D(&‘) ® O.V&C D(8|pTa CRan(T)aIﬁR)

jet in vacuum

Universality of jet energy loss: Just by looking at the data:

All jets lose energy to the medium .
i tJhe came Wayrgy . o What can we learn about the jet

interaction with the medium?

, - \ L] L] L]
% A o Is the data consistent with this

'_,J;’ universality?
\ ’ o To what extent? What minimal
K - information de we need to keep
N A d in D(&)?
?I

V4
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Experimental measurements

Inclusive measurements A

4
4

| ATLAS " anti-k, R = 0.4 jets Iyl <2.1 L’ H

[=]0-10%, |syy =2.76 TeV [PRL 114 (2015) 072302]

- E10-10%, sy =802TeV |,||__
(=130 - 40%, n = 2.76 TeV [PRL 114 (2015) 072302]

[+130 - 40%, |5y = 5.02 TeV
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L | 1 L I PR R
40 60 100 200 300 500 900
P, [GeV]
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Experimental measurements

Inclusive measurements

72
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Coincidence measurements
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different observables
different hard processes

different quark-gluon fraction

14F 4 | | | | +
y +

inc. jets 1

y-jets

gluon-/quark-jet ratio
+
f
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Experimental measurements

Inclusive measurements

| ATLAS T antik, R=04jets  lyl<21

[=]0-10%, |syy =2.76 TeV [PRL 114 (2015) 072302]
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different observables

4

e different hard processes

different quark-gluon fraction

L4r Hi‘ | -+ illlc. jets 7
12 H+++ . +  yets
E 10} e,
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Bayesian parameter estimation

Model
dO’AA _/oo " Z D(e) do.;pac MODEL DATA
dpr |, ~Jo i=q,g l dpr lppte
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Bayesian parameter estimation

enrgy loss

Model distribution 7/\ C simulation
4o AA gvac (PYTHIA) MODEL DATA
= de D;( 5)
dpr DT A zzq:g dp T lpr+e
observable
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Bayesian parameter estimation

enrgy loss

Model distribution 7/\ C simulation
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observable
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Bayesian parameter estimation

Model

dJAA
dpr

/

observable

enrgy loss
distribution . .
{ MC simulation

o d (PYTHIA)
0y
_ /0 de 7 Dife) <

i=q,9 \p T lpr+e
(. .. N
3 parameterizations:

* normal dist.
* lognormal dist.
« gamma dist.

0.08}

0.06}
0
Q0.04}

0.02}

0.001

- ’

normal dist. === simple distribution
lognormal dist. ~
—— camma dist. \\ theoretical solution

) for one parton
used before

[arXiv: 1808.05310]

Alexandre Falcao

10 15 20 25 30
e [GeV]
ML4Jets 2023

MODEL DATA
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Bayesian parameter estimation

enrgy loss
MOdel distribution { " MC simulation
(PYTHIA)
doAA o0 dovaec
_ / de 3 D) &
dpr 0 prte

pT i=q,g \pT
/ / (3 parameterizations:N

observable * normal dist.
dependece on « lognormal dist.

jet-initiating parton \. gamma dist.

Bayesian parameter estimation

Interest is in the relative probability of different points in i

parameter space. posterior
distribution
P(0|Yexp) < P(Yexp|0)P(0)

Markov Chain Monte Carlo (MCMC) is used to estimate
the posterior. We choose:

« likelihood: multivariate normal distribution

e prior: flat
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Bayesian parameter estimation

Bayesian parameter estimation
Interest is in the relative probability of different points in

parameter space. posterior
distribution
P(0|Yexp) < P(Yexp|0)P(0)

Markov Chain Monte Carlo (MCMC) is used to estimate
the posterior. We choose:

+ likelihood: multivariate normal distribution prediction
- prior: flat and validation

enrgy loss
Model distribution (\ MC simulation
(PYTHIA)
doAA 0 dovac
:/ de Z D@(S) .
dpr pr 0 i=q.9 \pT prte
/ / f3 parameterizations:\
observable  normal dist.
dependece on  lognormal dist.
jet-initiating parton _* 9amma dist. ) @
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Physical model emulator (rom JeTscape) v znou
posterior

prediction

numerical integration

a:‘;;c:il at each model eval.
p ers %| =/Oo°d5 Z Do) d:i;::u‘
7 |pp i=g, T lpr+e
0 w Obs.

and validation
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Physical model emulator (rom JeTscape) v znou
posterior

prediction

COMPUTATIONALLY
EXPENSIVE!

numerical integration
at each model e

model
parameters

0

Obs.

and validation
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Physical model emulator (rom JeTscape) v znou

m-

i 4

COMPUTATIONALLY
EXPENSIVE!

numerical integration
at each model e

model
parameters

0

MODEL EMULATOR M

JETSERPE

Dimensionality reduction via PCA

Observbles evaluated at several design points, covering the
parameter space.

Principal Component Analysis (PCA): :
« datais reduced to the first 4 principal components posterior
« ~99.,5 % of explained variance distribution

Interpolation with Gaussian process
Principal componets interpolated with Gaussian processes

Reconstraction of observables S eaiclon
Predictions via inverse PCA transformation and validation

Alexandre Falcao ML4Jets 2023
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Setup validation

Closure tests 08 . .
+ Exp. data
1. Mock data generated from chosen figfs B DMk A
parameters 0 ye; ool ==
o 3 1 =
2. Bayesian inference on Mock data; = ol +++jfr++ ==
P
o }
3. Posterior is compared 0.4} /
with the chosen 6.
03 200 100 600 300 1000
i pr (GeV)
. 0.8 . |
»] . 0 posterior
. _ + Exp. data
004 0.7r
o ) -+ Mock data
v 0.6}
- 5 i
. e & + E=
o o 05k -I-'I' §
000000 - +}
» 0.4
uuuuuuu ] 0.3 200 100 600 300 1000
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pr (GeV)
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Results: the fit

Inclusive jets are fitted:
leaving photon-tagged jets for validation

1.10
ye08,1.2)
- 105
08 B T T T T T T T T T T T T T T T . —s %EE
normal dist. _ ;;1400 &
log-normal dist. 1 0.95 .
0.7F gamma dist. _ O 2}(22 ye[l2,1.6 1
+ [ATLAS2018] _ Boo
2 0.90F ]
] 0.85¢ ]
:EI 0o % ] o.80b Je o2l |
St - _:\ | 20 M 6.21] |
- ] %0.9 ]
0.5 ‘ _ SU.S
| 0.7
06 ol ===
200 —
I = 08
0.4} Good fit v | &
. 1 . . . 1 . . . 1 . . . 1 L L . 1 ] ~\j‘:Owﬂl
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p%ft [GGV] 200 30(;; . [G:is]o 500
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Results: the prediction

Photon-tagged jets are used Lof B
for prediction/validation: 0l J( log-normal dist. |
*‘“ gamma dist.
S0l 4+  [ATLAS2018|
Good predictions v/ = 70 G
independent of D (&) parameterization choice! :% 0.4f Pr= b5 e
0.2r
0.01 , , ]
1.0 1.5 2.0
Ly
0.8 P € [79.6,100] GeV Lol ++ P € [100,158] GeV
_ 0.6 _0.8]
] §06
=04} =
% % 0.4¢
0.27 0.9k
0.0r . . . . ] 0.0p . . . . ]
0.75 1.00 1.25 1.50 1.75 2.00 0.75 1.00 1.25 1.50 1.75 2.00
Ly Ly
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Results: the prediction

Photon-tagged jets are used 10
for prediction/validation: N

Good predictions v/ <l
independent of D(¢) parameterization choice! jE

deviations for pJ** < p) might show

+

normal dist.

log-normal dist. |

gamma dist.

[ATLAS2018]

py € [63.1,79.6] GeV

lack of information in the model v\oo ,
1.0

15 2.0

0.8t p% € [79.6, 100] GeV It
'50.6-
HL‘
=
<>
= 0.4r
=
=3

0.2

0.0p . ) ) ) ) ] ) )

0.75 1.00 1.25 1.50 1.75 2.00 0.75 1.00
Ljy
ML4Jets 2023
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Leave-one-out cross-validation

« Bayesian inference on the whole data except one observable.

« The data that was set aside is predicted, and the reduced chi
squared is evaluated for the whole data.

1
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1
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1
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Leave-one-out cross-validation

« Bayesian inference on the whole data except one observable.

« The data that was set aside is predicted, and the reduced chi

squared is evaluated for the whole data. prediction from
other observables fit

0.8
Raa ' '
I — | \ 0‘7 = =
RE0sazl i the inclusive R,, contains
W = . .
) more information 50|
i =
R/}{l;[l.Z,Lé] —O}—
a : 0.5F l : normal dist.
pYElL621] i log-normal dist.
AA o .
_Riz:o.s —~!o—— gamma dist.
: 0.4k + [ATLAS2018] |
RXAY[] —o— 200 400 600 800 1000
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i
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dNAA _oe_
1

dx]'y !
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dN o
. e O——
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1
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- e———
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P} € [100,158] GeV !
r -

0 1 2 3 4 5
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Leave-one-out cross-validation

« Bayesian inference on the whole data except one observable.

« The data that was set aside is predicted, and the reduced chi

squared is evaluated for the whole data.
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the inclusive R,, contains

more information =gl

normal distribution

better describes the data 0.4l

prediction from
other observables fit

normal dist.

log-normal dist.
gamma dist.
+ [ATLAS2018]

normal dist.

0.08f lognormal dist. |
gamma dist.
0.06f
O
S0.047
0.02f
0.00p ‘ ‘ ‘ ‘ ‘ ‘
0 5 10 15 20 25 30
e [GeV]
ML4Jets 2023

200 100 600 300 1000
jet r
pr (GeV)

From normal distribution shape:

* energy loss distribution that goes
faster to zero seems to be
prefered

 less probability of high energy
loss to the medium
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Results: quark- Vs. gluon-jet energy loss

From the posterior distributions, we can access the distribution

for the mean energy loss of the quark- and gluon-jets:

150000? B
125000?
100000?
Tooooé
50000?

25000

Alexandre Falcao

" ] posterior for the

quark jets

gluon jets

50 30 40 50
: ,

ML4Jets 2023

1 mean energy
] loss using
1 normal dist.
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Results: quark- Vs. gluon-jet energy loss

From the posterior distributions, we can access the distribution
for the mean energy loss of the quark- and gluon-jets:

- - 0 0 0t 0 0 T ] posterior for the
150000_ qua.rk j(‘.‘l‘S 1 mean energy

[ eluon jets | loss using
125000- ) - normal dist.
100000 |
75000 distinction between

[ quark and gluon jets is
50000F learned from data!
, I ——l
25000

0.. s ‘I 2
0 10 20) 30 40 H0
() [Go\f’]
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Results: quark- Vs. gluon-jet energy loss

From the posterior distributions, we can access the distribution
for the mean energy loss of the quark- and gluon-jets:

- - { posterior for the
150000 quark jets 1 mean energy
[ oluon jets ] loss using
125000 k ° ' 1 normal dist.
100000 F - ]
: rfrom theor;, ~—
75000 distinction between . ]
; quark and gluon jets is \’7%\ s 9
i I d from data! "Pﬁ(fr
50000 - earne . Casimiy 2
| — ‘ Scaling (8)9 =225 (e)q
25000 F _ J
0! : _ oo
0 10 20 30 40 50
() [GeV]
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Outlook

Universality of jet quenching:

 Factorization holds with only the information about
the jet-initiating parton; _

~ -~
* Low sensitivity to the energy loss distribution A A

parameterization; / ,r?l

Theory insight:
. N D/
 Clear separation between the energy loss of /
quark-jets from gluon-jets. K

« ML can have a crucial role in developing the theoretical
understating of jet quenching and the QGP itself.

Coming soon: Constraining jet quenching models in heavy-ion collisions using Bayesian Inference

[arXiV: 23XX,XXXXX] Alexandre Falcao* and Konrad Tywoniuk!
Department of Physics and Technology, University of Bergen, 5007 Bergen, Norway
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