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Introduction

Nature

Quark-Gluon
Plasma Nucleons Nuclei  Atoms Today

Big
Bang

10 9sec 10*sec 3 min 15 bilion years

Experiment -

Charm and beauty hadrons are formed during the initial stages of the
hadronic and heavy-ion collisions

Experience the whole system evolution = Good Probes to understand
QCD medium

Lightest Open Charm: D° meson (mpo = 1.865 GeV/c); Lightest
charmonium vector meson: J/{ (m;,, = 3.096 GeV/c) = Abundant
production as compared to other open/hidden charm hadrons
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Pre-Equilibrium
Phase (< 1p)

a) without QGP// \\ b) with QGP =
B

A

https://particlesandfriends.wordpress.com/2016/10/14/evolut
ion-of-collisions-and-qgp/

Up Quark Charm Quark Top Quark
~0.002 GeV 1.25 GeV 175 GeV
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Introduction
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Which are left then? These 8 particles (and their antiparticles).
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Experimental observation of J/y Suppression

Kluberg, Satz, 0901.3831

1.4 - Inclusive J/y < p'u
| J ® ALICE, Po-Pb |5, =502 TeV,25< y <4,p_<8GeVic
=276TeV,25< y <4,p_<8GeVic

statistical recombination
® ALICE, Po-Pb\s

C
.g 2
Q. <
Q. 19 - 3 NN "8
a ¢ %, Bl O PHENIX, Au-Au| s, =0.2TeV, 12 <ly| <22,p >0 GeVic &
= : § 1 mesgrmmmmmmmme oo
o1 % o ,\+ . ﬁ-.{w} i £ d g
..-8 | % K | | 1 |_ orwar y —8
§08; J:+o‘# i :' !!!! OROR] g‘ hermal dissociafi
Ll>j B T 4%,.% % i H BB E B = “ ® . = thermal dissociation
'B h %: ‘o.
g 0.6 o . Energy Density
[0} ®e
S t d N,,/dp,
s 0.4 o , R pr )=
® Pb - Pb 1998 with Minimum Bias AA\IT e d |
Pb - Pb 1996 with Minimum Bias 0 AA/ X Gpp / apy
02 | . gb_ 'UPb :\1?3?8 ! 0 50 100 150 200 250 300 350 400

p-A NA38 (Nnan>
O p-p(d) NA51

0ﬁ""l'f"w‘*'\‘Hw'”'w‘f‘w”w'
o o5 1 15 2 25 3 35 Suppression and regeneration!

Raa < 1 : Suppression of
yield due to presence
of medium

Raa > 1 : No suppression

and hence no medium
CERN SPS (NA50): observed J/¢

suppression as a function of energy .
density for various collision species. [Physics Letters B 766 (2017) 212]

Note that the critical energy density http://alice.web.cern.ch/content/mystery- jpsi
for a partonic medium is 1 GeV/fm?.
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J/y Production Anomaly

3|5 famcee | . o
s>k [ Inclusive Jiy — ', 25 <y <4 : > Relative J/¥ yield at midrapidity is compared to
2 S 20:_M:“'gis:s;zl@;b()) ] the forward rapidity yield as a function of
[ A V5=7TeV(NEL) midrapidity relative charged-particle multiplicity
15 e (s=13Tev(NEL>0) -
e B ! » Midrapidity yields exhibit faster than linear
10 & Vs-13Tev (NEL>0,V0) d 7 increase
i B [l 1
; 3 =]
N pl g Moo .,
: S ; > The results using midrapidity multiplicity
T, s N FETTE FETTL PETET TTE FITTE SPTTh selection based on the SPD detector (Inl < 1) and
L T forward-rapidity multiplicity selection based on
<dN:h—/d77> the VO detector (—3.7 <11 < —1.7 and 2.8 < 1
il < 5.1) are found to be compatible within the
Multiplicity uncertainties
— Jp - ete Jp - gy —
1 0 1 5 4 n » Therefore, the different trends in the

multiplicity dependence of the J/¥ production
observed at midrapidity and forward rapidity are
not due to a possible auto-correlation bias

PhD Thesis: D. Thakur, lIT Indore
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Understanding J/@ Production

_' Trr[rrrrrrrrrr g '—' 12: I I TTT I I _
6 :mi: WI:: gg-((c:t?: (1"10 T)une) ;ﬁt:gg B:::g:oj??:v Yo C.R. Singh, S. Deb, R. Sahoo, J. Alam
wi une 10 . : — K. , O , K. , J. ,
A O ALICE Data - [ UMAS Mode' Prediction: /% 1 Eur Phys. J. C, 82, 542 (2022)
>3 ar N 8 —@7TeVv ¢ ¥ .
v ’ [ — @5.02TeV ; ]
=
z 2r -
0 - 1 e} 1 | —
1.5 O CR
1 & =
0.5 R
0 T T T
®) NO.CR . . . .
s 2 s e v' J/ self-normalized yield as a function of self-normalized
5 °~(5) multiplicity follows a scaling across collision energies.

Ny /<N,>
/ v' Unified Model of Quarkonia Suppression (UMQS)

model which incorporates the suppression

of J/W through color screening, gluonic dissociation,
and collision damping and regeneration of
THAKUR, DE, SAHOO, and DANSANA, charmonium due to correlated ¢ — cbar pairs.

Phys.. Rev. D 97, 094002 (2018)

MPI with CR reasonably explains the data!
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¢ All-inclusive J/y

¢ Need of separating prompt and non-prompt J/y
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Topological production of charm hadrons

T
ATLAS
/S = 5.02 TeV, 0.42 nb™

Directly produced 1
/ in collisions A
Direct prompt

l+

¢ CMs DD, 0-10%, Phys. Lett. B 782 (2018) 474

Prompt ,. 8 [~ M Charged particles, 0-5%, 2.76 TeV
-+ Non-prompt J/y, 0-10%

Vg
Charm Feed-down from = L @ L % Prompt Jiy, 0-10%
hadrons Indirect prompt g higher charmed rimary S 6

states Vertex

Nonprompt _[~
T ,/. 4

Secondary\%__r—];;j-r_o-n- S
Decay of beauty Vertex | 9
hadrons . & 2
A [+] 25

Non-prompt - -‘_,
X TL:ASOIIabolration, Eur. Phys. J. C (2018) 78:76%:
6 78 10 20 30 40 100
S. Prasad, N. Mallick and R. Sahoo, Phys. Rev. D 109, 014005 (2024) P, [GeV]
[t§1 8— ALICE, Pb-Pb, Vs_NN =5.02 TeV_E
( ) F 30-50%, ly1<0.5 ]
» Prompt charm hadrons: Direct production and decay higher excited charm hadrons = Good 1.6F * non-prompt D E
1.4F * prompt D =
probes for QCD medium and to test theories of strong interactions ) 1.2F E
1.0f = o/ | [T
i . . b 0.8F *]lﬂ i 3
» Non-prompt charm hadrons: Weak decay of beauty hadrons - Indirect studies of beauty hadron 0.6F | HW#LJ E
g production ) 0.4f i 2
0.2F =
 open markefs: pr extapolatd pp elerence | .

1 10 pT(GeV/C)
ALICE Collaboration, JHEP 12, 126 (2022).
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Topological production of charm hadrons

T T T T | T {
Directly produced A n:é 1L ATLAS _
/ in collisions . L[Sy =5.02TeV, 0.42nb”!
Direct prompt o—-— /.l | ¢ cMS D%D, 0-10%, Phys. Lett. B 782 (2018) 474
J/l,[) '/' 08 " Charged particles, 0-5%, 2.76 TeV ]
Prompt ----9 1= | " Non-prompt Jhy, 0-10%
Charm n Feed-down from BIRSUUEL™ . L % Prompt Jiy, 0-10%
e Indirect prompt higher charmed JIRERE = 06

S s
Segregating the topological | ...
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_ ducti fl/ yp
roauction o ppens
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> Pron /1-promptD =
ompt D° —

probes TOor WU nmeuidnn dru w test uieores ul SUorny mmerdacuoris ) 1.2:_ '—|—' _f

1.0 -HiH - - - - - - L - -

e 0.8E '*]l @H ] E
» Non-prompt charm hadrons: Weak decay of beauty hadrons - Indirect studies of beauty hadron 0'6:_ | ﬂ H ! E
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1 10 pT(GeV/C)
ALICE Collaboration, JHEP 12, 126 (2022).
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O o 3

3105 | ALICE, pp Vs = 13 TeV JHEP 06 (2022) 015 3. F - data 1 .92<me‘e-<3.16GeV/c2:

() 3 . i E = L —fit, all > -
F Inclusive J/y — prn, 25<y <4 1 Ny B . x“/dof =89/109 |

= L Mult. cf . s [ fit, prompt J/y 3

o [ Mult classes: |n| <1 2 4 g2k — fit. Yy from b-hadr.

© N =18 = E - - fit, background S ALICE E

g8 N2Y _ 105172 + 464 L pp. ¥s =13 TeV ]

[22] - p

.E104: Y 23097 + 3 MeV/c? 3 M, p, > 1 GeV/c

3 3 N - 1}

8 o’V =70+ 3 MeV/c? 10 3

10°F

2 2.5 3 3.5 4 4.5 5

Separating prompt and non-prompt J /s

J/ P (3.096 GeV/c?)

In experiments, J/Y > ut +u"orJ/Yoet +e”

Prompt Production: Direct production/ decay of heavier
charmonium states

Non-prompt Production: Products of beauty hadron weak decays

Prompt and non-prompt J/y are topologically different

m,, (GeV/c?) 3000
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Prompt ,.

_,J/‘/’ ’_/___.l_

Primary .
Vertex ."~

Nonprompt _[~

e iy
secondary B4 o E
Vertex E %
A (4]
X

S. Prasad, N. Mallick and R. Sahoo,
Phys. Rev. D 109, 014005 (2024)

ALICE, JHEP 03 (2022) 190




Separating prompt and non-prompt J /s

Simulating pp
collisions at /s =13
TeV using PYTHIA8

Using the machine-learning

Training machine- models to predict prompt and
Iearning mOdels non-prompt yields at different

energies

* PYTHIA8 (4C-tune) 20 billion minimum bias events for pp

A
\Js =13 TeV
+
* The coordinates of the primary vertex are randomized Prompt ,.l
. . e e
following a Gaussian distribution e
Primary
* J/Y - u* + u” channel is used to reconstruct invariant mass Vertex
”: Nonprompt.l‘
(m,,), transverse momentum (pr,,), pseudorapidity (n,,) | iy, I
secondary 71 O
and rapidity (y,,) of the dimuons Vertex 1 ’r
A (+]
* Pseudoproper decay length (ct) of the reconstructed dimuon X

pairs along with m,,, pr ,,,,, and n,,, are taken as inputs cmyy L.pr

P72

cT =
S. Prasad, N. Mallick and R. Sahoo, Phys. Rev. D 109, 014005 (2024)
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Gradient Boosting Method

;ﬁ?} + & . XGBoost, LightGBM, and CatBoost
St + e
5 | Fa it
(T .
fd S
+ |+
J&&
E— & £
......... \
----------- B
""" >
Iterations
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Machine Learning Model parameters for | /s

XGB
* Background : Prompt : Non-prompt=20:10:1 0.7 — \T/faliziflg
0.6 allgation
* Classification models required to be trained on similar number of training o
instances = oversampling of data is done 2 0.4
 Dataset for Training : Testing : Validation=81:10:9 03
0.2
e Parameters are chosen through a grid search method (Making an array of all 01
possible parameters and training to find the parameter values for minimum loss) 0055 R 60
No. of trees
LGBM: Light Gradient Boosting Machine
XGB LGBM XGB: Extreme Gradient Boosting . LGBM —
. — Iraining
Learning rate 0.3 0.1 * Loss saturates around 25 trees and 06 Validation
Sub-sample 1.0 1.0 45 trees for XGB and LGBM 0.5
No. of trees 60 60 « Training and validation curves are on §°°
Maximum depth 03
?{ u epth|3 3 top of each other 2> No o>
Objective softmazx |softmax
: ) overfitting/underfitting 0-1
Metric mlogloss | multilogloss .
- - 0 20 40 60
S. Prasad, N. Mallick and R. Sahoo, Phys. Rev. D 109, 014005 (2024) No. of trees

13-16/Jan/2025 ATHIC 2025 | Raghunath Sahoo 14




Model performance for | /U

* Confusion Matrix talks about the mispredictions given by the model for each class

XGB nl.O
g ,s °Both XGB and LGBM perfectly separates the inclusive J/Y from the uncorrelated
£ .
[« .
background pairs
‘é 0.6
§ g * Both models mispredict 2% of prompt J/y as the non-prompt = Raises non-prompt yield
2 0.4
E S. Prasad, N. Mallick and R. Sahoo, Phys. Rev. D 109, 014005 (2024)
o
o 0.2
Z Importance Score (%) * Importance  score tells how
an]
N t Back d . . e
Prediction . Ho.0 _ important a feature for a decision
CcT
LGBM Lo making of the models
a
5 e mass of dimuons is highest for both
Q .
o £ pTw—
ES the models
2 0.4
z : . :
g N * ¢t contributes to decision-making of
5 0.00 0.2 . g
2 the models significantly
o= 0 10 20 30 40 50 60
rompt  Nonprompt Background | | 0.0
Prediction : » LGBM m XGB
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ML: Transverse momentum spectra of ]/l|J
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S 0 pp, Vs = 13 TeV, |y| < 0.9, Jiy — p+u > 0 PYTHIAS XGB LGBM S 00 pp, Vs =7 TeV, |y| <09, Jiy — p+u
0] 0] - - + JAy - inclusive 0]
= 10" = 10" 4 + = Jiy - prompt = 10"
§ 0o e, T 0., 4 t J/y - b-decay T 0% e
= e, Ve = e 3 e T
S 100 iy e > 10°pEtEy, T, S 100 e, T
= Ty S G R M
107 == 107 e 107 —
10°® o 10°® ag== = : 10°° = ="C
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_10 -10 -10
10 | | | 1 1 + 10 Il | | | 1 10 | | | +
2 I I I I I . 2 I I I I I . 2 I I I ]
°f ] < ‘ ] < ]
Q= [~ : ] Q= -7 Y . (= [T I .
U] R PSPPI i el CENINDNE-Sias an i SUNS S b ! O|L 1 frsoettotris Sttt O|T 1
OF oS OF 1 * 1 Re F 13
o ] o ] o ]
0 PEETEETE I R URTET RETUN AT RS RSN R 0 PR ST R TR R | 1 1 1 . 0 PR SRR R T ST | ! PR | 1 .
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Q [ 0 i
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B BE
> > 1
o ] ] o
0lllllllll]lllllllllllllll]lll- 0lllllllllllllllllllllllllllll- 0lllllllllllllllllllllllllllll-
0 5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30
pT[GeV/c] pT[GeV/c] pT[GeV/c]

* Both XGB and LGBM give accurate predictions for pp-spectra for inclusive and prompt-J/y both in mid and forward

rapidity in pp collisions at /s = 13 TeV and 7 TeV
* The ML models overpredict the non-prompt J/i throughout the pt spectra for both the collision energy and rapidity

— Expected from the confusion matrix S. Prasad, N. Mallick and R. Sahoo, Phys. Rev. D 109, 014005 (2024)
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Results: Fraction of non-prompt J/1 yield

0.8

0.6

0.4

O
N

i

pp, Vs=13TeV, |y| < 0.9
e PYTHIA8 = XGB
s LGBM o ALICE

T ae-

@m0
b T e

+

i
1

1
+
i

o

5 10 15

13-16/Jan/2025

20 25
P, (GeV/c

wl L

0

p

* fg is the fraction of the non-prompt production (B-
hadron decays)

* fg increases with increase in pr =2 The b-hadron
production is favoured towards higher pt compared to
low pr

* PYTHIA8 underestimates the experimental data
following the similar trend

* Both XGB and LGBM overestimate PYTHIAS8

* As this method does not require fitting, it can be used in
both low and high statistics without affecting its

efficiency

S. Prasad, N. Mallick and R. Sahoo, Phys. Rev. D 109, 014005 (2024)
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Results: Rapidity spectra of | /U

* Both XGB and LGBM give accurate & £ [ 5 atev. o apm 4 Bl T T
Z ’ ’ > pp, Vs =7 TeV, Jy — phw
.. D S 102 PYTHIA8 XGB LGBM o S e VR
predictions for rapidity spectra for ¢+ o+ Iy - inclusive
10°° & + ﬂ$ Jhy - prompt 1073
inclusive and prompt-J/Y in pp 104 ooy 4 Iy - b-decay 10
g F._,-.-l=.=""*"’"."—.—t—.—g P _._,_._.—.—o—.—o-.-‘-l—-.-!-.-‘_._,_._‘
—— —.— ._._"'." -—I—~+
. e _ 10—5 —a PPN ) i 1 0_5 . e . -
collisions at /s =13 TeV and 7 e S ihtiiRiadaa: T YIRS P Yo
0% st 109 = L -
TeV 10—7 =i = 10_7 5 ==
107 108 g ==
R B L

* The ML models overpredict the

XGB
PYTHIAS8
XGB
PYTHIAS8

non-prompt /Y throughout

0 | | | |
2_[II||II|III|III|III|III|III|III_.
rapidity region for both the <2 s[Z
QT Q[T
. . Ol Ol
collision energies . oA _
O_III|III|III|III|IIIIIII|III|III_ 0_[IIIIII|II]|III|III|III|1II|III_
* Accurate prediction in large 7 % 6 4 =2 0 2 4 6 ; s 6 4 =2 0 2 4 6 ;

range =@ Applicable in ALICE 3
S. Prasad, N. Mallick and R. Sahoo, Phys. Rev. D 109, 014005 (2024)
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Results: Normalised J/1 yield

Jhy

o o
I " \
ch bbbl b b b b b b b

O ALICE, Jhy-inclusive (Jiy—e'+e)

15 15

= LR A 2 = e * The normalized yield for inclusive
E\} 30 pr;;Y\E'_—";\g Ti\ééjlqi(;;a +W, Iyl < 0.9, p_-integrated Q\} 30F- pp, V5 = 7 TeV, Jhy — '+, |y| < 0.9

Z s 3 3 Jhy - inclusive Z J/Y from PYTHIA8 matches
= = & @ Jhy - prompt = o )

> 20 s 4 Jhy - b-decay > 20 qualitatively with the ALICE results

Tz N

Z—)

=3

10
* Both XGB and LGBM reproduce the

IIIIIIIIIIIIIIIIIII|IIII|IIIIIIII

(AN /d
||||||||||III||||||||||I|III

— 10

op=a—= | | | | il . . [ PYTHIAS8 results very precisely for
o ' | ' | o ' ' |
g ~ g ~ . .
G PR . inclusive and prompt J/Y
ok S
0.9 - 0.9
1.1':.;\ I i 1T 171 i 1T 1T i i 11 i 1T 171 i 171 l: 1.1:1 T i I I I T i T T I T i T I I T i T I I I
sl | s |+ The predictions for non-prompt J/i
OF 1t O 1] s
—‘Eb : —‘ED S from both XGB and LG match hes
-9"_1 | !I | I Iél 11 |:|3[ 11 Iil 11 lél 11 I_'6 .g‘_l 1 [1 1 1 1 1 2| 1 1 1 1 :|3 1 1 1 1 4[] Il 1 1 I_‘5
. L o
(dN_/dn)/((dN_/dmp) (VOM) (AN, Jdn/(@N. /dn) (VOM) PYTHIA8 findings within 10%

uncertainty
S. Prasad, N. Mallick and R. Sahoo, Phys. Rev. D 109, 014005 (2024)
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Segregating the topological
production of D
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Input space for D°

Input Variables Ppo

1. Invariant Mass

2. The pseudo-proper time: ( t, =

(Zpo — Zpy)Xmpo J

Pz
3. Pseudo-proper decay length: [ CT:C%;ZL-IO_T’ J DCApo
T

Primary Vertex

Feature Importance Comparison

4. Distance of closest approach: ( DCApo = LXsin@ J

o
o

NN CatBoost
7z XGBoost
=== Random Forest

o
&)

L is the vector pomtmg from the primary vertex towards D°
decay vertex,i.e. L=V —§

V is the position of the primary vertex and S is the position
of the D° decay vertex given by,

Importance Score
o o
w IS

o
¥

(t1 +diimi/pia1) — (t2 + d;oma/pi2)
ml/pz',l - mz/pz',2 /=
g ) . T ot @

Goswami, Prasad, Mallick, Sahoo, Mohanty, Phys. Rev. D 110, 034017 (2024)

S; =

o
o

o
[S)
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Model Performance for D

» Extreme Gradient Boost (XGBoost): Combines the predictions %y
of multiple weak models to produce a stronger model. 7 T
» Categorical Boosting (CatBoost): Similar working principle as Tree | Tree 2 o |Treen
XGBoost but faster and more efficient when working with fi Loy . fux
categorical data.
» Random Forest: In a Random Forest classifier, multiple decision
trees are created, each on a different subset of the data. Each \y—\zk‘ fie@) /
tree gets a vote on the class label for a new instance. The class 1
that gets the most votes is chosen as the final prediction. Result

XGBoost and CatBoost Architecture
XGBoost Hm CatBoost Hl'o

Random Forest Ml'o

g g 153 Tr;inting Tr;ir:ing Trsir;ing
ata ata ata

& 0.00 0.00 08 § 0.00 0.00 08 & 0.00 0.00 0.8 ; 5 ooe
X ~ ~ n
: : : \ v \

i1} i3] -

0.6 e Training
8 E 08 LB 0-6 St Decision Decision Decision
=2 = S 2 S Tree Tree Tree
= 04 = FE 1 2 XX
' 0= 0.4 \¢/

°a - -

o
E 0.2 g g Voting
g - 5 0.00 0.01 0.2 5 0.00 0.03 0.2 h
3 5 5 Test Set (averaging)

z P4

Background Prompt Nonprompt
g Predictri)on prompt Llo.g Background ~ Prompt  Nonprompt | | 0.0 Background  Prompt  Nonprompt ¢
Prediction ' Prediction —0.0 Prediction

» Our model shows an accuracy of 99% in separating prompt and non-prompt
D% meson

13-16/Jan/2025

Random Forest Classifier Architecture
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Results: Transverse Momentum Spectra of D°

T 100 pp, Vs = 13 TeV, |y|<0.5 _,
§ D% > nt K A Prompt-CB Prompt - RF E
& 1 4 0. @ Prompt- PYTHIA G% V¥ Non-Prompt - CB ()0 4 Non-Prompt-RF S
E}_ 0 ... M Non-Prompt - PYTHIA Qﬁ. Ccc -
»« Prompt - XGB

:;i:.: 100 m{:}mmm.._._-.-N::T:rompt-XGB ......._._-.- .....C()J\)ﬁJL 1;
g T e T L
/ :a 10° o ® o= ® = < 1
« . . . . z 3¢ V.
* Model training: pp collisions, using | = «-
PYTHIAS8 simulated data .
g pp, Vs = 5.02 TeV, |y|<0.5
. J5=13TeV 3 o
'E»— 10° ... 1;
:;. 10 %mm .. 12
* Predicted data: pp collision, 2 wf Tpoe
= T 2 s ]
« +/s=13,5.02,and 0.9 TeV 2 e L 1
= 10 = "
« ML Algorithms < Monte Carlo S K pp, 15=900GeV, Iyl<05 1
\_ S 10k, ®a S I
>k % S s 1

S 3
g 1065{%3:..-.- -.-l."-i- = occ e ]
g 10'F  Tm u Yo 1
§> 1075;_ Emj-g;-.- -.-.-'*' -.-'.' o 3
2 ook aa ¢ = ® - e L
:105- ..|....|....|..:;.|........I....I....I..!.I........|....|....|..!.|....-g

5 10 15 20 5 10 15 20 5 10 15 20
pT(GeV/c) pT(GeV/c) pT(GeV/c)
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Results: Rapidity Spectra of D°

2 1074 L g R & EAd EAS & T =
2 oof® efRTTTEEm, e i e Ge@UREREg, o to autiENEg, o ]
'-T 2 & @ Prompt - PYTHIA & & & -] )
10°° & M Non-Prompt-PYTHIA ¥ &€ A Prompt-CB bV = Prompt - RF =
e ~N 107 @ o 368 o ¥ Non-Prompt - CB = +e  NomPromet-RE =
« Model training: pp collisions, using .
PYTHIAS8 simulated data o soeTev,p 015 GeVc
1072 PN E
° \/§ =13 TeV \ P AR N 0000000, 3
g 10 * * < S 3
j J0tf & _padfog @ o _puiiag O
. . : z = boc] = = :
* Predicted data: pp collision, 10°F o o = e o m B ol
. /5 =13,5.02, and 0.9 TeV wE g . - . 1
10°® "
102 .
. , ¥s =900 GeV, p_>0.15 GeV/c
« ML Algorithms < Monte Carlo w0 : oo ]
\ J 2 104 X Shhg N N PEARRREN 1
s . ® ES ~ ~ @ ¢
"Tz“>’ 10 6 - m“’m"}{:} ® - ._-I-I-l-.- s o o .I-'.‘-'-l- " o 3
10" b = @ & = = .
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Results: Fraction of non-prompt D° yield

0.25 L B B B L B B B B N B S B L B B B B B B A S B - __ T :

- pp, Sy =502 TeV, lyl<0.5 A pyTHIA : 0.15 PP ly|<0.5 ¢ Vs=13TeV E

02 o xa8 ~ - Solid - XGB ¥ (s=5.02TeV ]
ER: g L Open - PYTHIA y E
: & Auce s} A Vs=900 GeV

?
!

0 0
<Dnon prompt >/< D
o
o —_
- (&)}
¥ [ LA B R
-
&
—i—
=
I .I.I.I.I.I.I.I
0
<I:)non prompt >/< D
o
o o
(6)] —_

0.05 " E —@—_@__@__@_—A—
: : : : ' : _A_I_A— L | |
0 S 10 15 20 25 0 o 4 6 8 10
p, (GeVic) p. (GeV/c)

Goswami, Prasad, Mallick, Sahoo, Mohanty, Phys. Rev. D 110, 034017 (2024)

> Comparison with ALICE experimental data: ALICE Collbar o e 10, 150 §§8§1§

> Non-prompt to prompt D® meson ratio
» Same trend as experimental data, PYTHIA underestimates the data, XGB agrees with PYTHIA.
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Summary

We present the topological separation of D° and J/i produced in pp collisions at LHC using ML
techniques

Different BDT-based classifiers have been used to tackle this problem

The model is trained at 4/s = 13 TeV, and makes reasonable predictions at lower collision energy

This ML approach to separate prompt and non-prompt production can be useful in experimental analysis
A proper separation of prompt and non-prompt can reveal about different multiparticle production

dynamics.

S. Prasad, N. Mallick and R. Sahoo, Phys. Rev. D 109, 014005 (2024)
W/ K. Goswami, S. Prasad, N. Mallick, R. Sahoo and G. B. Mohanty, Phys. Rev. D 110, 034017 (2024)
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PYTHIAS8 Tuning

A

: 1 1 1 I 1 1 1 I 1 1 I I 1 1 1 I 1 1 1 I 1
L i :
> 10° E : I+
O . B : Prompt ,,.
5 e - : gy’
£ 10° == E : [ -0
- e == 3 : Primary
Nb -8' =$=+ L 7 Vertex .‘~
3%102 —e— . Non-prompt [~
—— - I ,x'
. ‘~~’_ ________ .
10 - Second .
pp, 's=13TeV,2<y<45 : Verey | ib-hadron e g
PYTHIA8 Data - : A ‘ I+
T8 2%x047 4LHCb Jiy-inclusive 73 X
- &x047 % LHCb J/y - prompt ] :
10" +x1.00 4 LHCb J/y-b-decay + g _ (t1 +z1m1/pz1) — (t2 + x2ma/ps2)
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Gradient Boosting Machine

® Trees are structures that take recursive decisions

A
® Built in a top-down approach
. . https://xgboost.readthedocs.io/en/stable/
L ROOt nOde: The Sta rt|ng pOInt https://lightgbm.readthedocs.io/en/stable/ [ Branch \I
L - /
. . . -] . . I
Internal nodes: further decision points = Decision : Decision |
Q node - node :
Leaf nodes: End points (target class or values) g : !
R= ! 1
x 1
® Criteria of splitting: < Leaf Decision N et Leaf i
node node j  node node I
Classification:  Minimise the node impurity NS B .
Regression: Minimise the MSE, MAE Leaf Leaf
MSE: Mean Squared Error node node
MAE: Mean Absolute Error  /

® Splitting continues till a preset (max_depth)

® Boosting: Building an additive forward staged model by - Light Gradient Boosting Machine (LGBM):

combining the outcomes of all previous ones ) o
Leafwise splitting of tree, low memory use and

® Boosting compensates the shortcomings ,
supports parallel boosting

® Shortcomings are identified as the gradients

* Extreme Gradient Boosting (XGB): Advance version of Gradient Boosting that supports parallel tree boosting - Faster
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https://xgboost.readthedocs.io/en/stable/
https://lightgbm.readthedocs.io/en/stable/

Gradient Boosting Machine

* Root Node: It is the topmost node in the tree, which represents
the complete dataset. It is the starting point of the decision-
making process. s E )

Branch

[
]
Decision : Decision
node : node
:
]
Leaf Decision :
node node "
1
* Leaf/Terminal Node: A node without any child nodes that

. . . Leaf Leaf
indicates a class label or a numerical value node node
\ 4

* Decision/Internal Node: A node that symbolizes a choice
regarding an input feature. Branching off of internal nodes
connects them to leaf nodes or other internal nodes.

Maximum Depth

4 %lh-_'_-_ : - :
{ * Two Methods for making an ensemble of decision trees: Boosting and
i ~ +&qS e Bagging method builds models in parallel using a random subset of data
& (sampling with replacement) and aggregates predictions of all models
£B £ e Boosting method builds models in sequence using the whole data, with
S — each model improving on the previous model’s error
.............. : * Gradient Boosting: Gradient descent + boosting
""" — * Gradient descent: Minima finding algorithm

Iterations
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XGBoost LightGBM

 Extreme Gradient Boosting * Light Gradient Boosting Machine
Level-wise tree growth : Leaf-wise tree growth
* Faster and memory efficient compared to GBDT e Faster and very light in memory compared to GBDT and
XGB

e Supports CPU parallelization
e Supports CPU and GPU parallelization
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Corrections in the Predictions
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