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https://indico.bnl.gov/event/25664/contributions/99709/attachments/58674/101009/20241121_D0_topo_update2.pdf

D% meson

Heavy quarks (charm and beauty) are produced through hard parton scatterings in the initial stage of the collisions
mcharm -~ 1.275 C;eV/C2

Mpo = 1.86483 GeV/c?
Mpeauty ~ 4.18 GeV/c?
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Signal means simply DO meson (prompt or non-prompt)
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Reconstruction of D° meson using combinations of pion and kaon:

> Pion and kaon from true DO meson (signal) Hioeam| . O
: . : iped4m oo’
> Pion and kaon from others (combinatorial background) be package Primary Vertex
Thanks Rongrong

Binary classifier: Machine learning model to separate signal D% meson from background
Multi class classifier: Machine learning model to separate prompt, non-prompt D° meson, and background
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http://dx.doi.org/10.1103/PhysRevD.110.034017
https://hipe4ml.github.io/

- Background from
EPIC/RECO/24.10.0/epic_craterlake/DIS/NC/10x100/minQ2=100/pythia8NCDIS_10x100_minQ2=100:Total files 7823

ML Model and Data Sample
> BDT (Boosted Decision Tree) XGBoost Classifier

Training sample signal and background

Simulation of DO and Lc samples

Signal from the campaign (EPIC/RECO/24.12.0/epic_craterlake/SIDIS/DO_ABCONV/pythia8.306-1.1/10x100/g2_100):
Total files 1869 and Events 984589

and
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https://docs.google.com/presentation/d/1S8AH_DhQQy0wKp6bhQ2W5HUNmZX2JX-X2Yze6fMOoOg/edit#slide=id.p

Signal and Background

Invariant mass of unlike-sign nK pairs yx projection
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Features ML:
dcal2, dcaDO,
decaylength, costheta
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Implementation of ML Model

The model is developed using hipe4ml software
> Started with integrated pr and n as a first implementation

> Store the features of the true DO meson (Signal) and background

> Split data into training and test: 80% and 20% for testing (important to look if there is over-fitting/under-fitting)

Invariant mass of unlike-sign nK pairs

h3InvMass_bkg_all

Invariant mass of unlike-sign nK pairs Enties 5302804
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https://github.com/hipe4ml/hipe4ml

Implementation of ML Model Details

Integrated pr and n
> Signal (20,000) selected after applying mass cut of 1.7 <mpo < 2.1 GeV/c

> Background candidates (3 times of Signal = 60,000) after applying 1.0 < mpo < 1.70 or 2.1 < mpo < 2.8 GeV/c
> Removed variables (pr, n, and mpo)

> Total data (Signal+Background) = 80,000

Training 80% = 64,000 Testing 20%= 16,000
. . . . . Test Data
S}gnal cand}dates. 510253 Background candidates: 5302804 s costheta dea 12 dca D8 decay length eta DO mass DO pt DO
Signal candidates for ML: 20000 Background candidates for ML: 66000 3351989 0.991298 0.124306 0.039428 0.299528 ©0.799423 1.069003 1.974903
Training Data 1025495 -0.394583 0.037872 0.077913 0.084793 1.295227 1.493813 0.789670
H costheta dca_12 dca_D@ decay_length eta D@ mass_DO pt_DO@ | | 4168518 0.464340 0.520904 0.316954 0.357875 2.126908 1.137351 0.659704
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Signal and Background Distributions

dca 12 dca DO pt DO
10-1
0
10 10—] .
- 2107 -
5 1072 1 =] 5
S S S
1075 1 107 1
1074 1
T T T T T T T T T T T T T T T T
0 20 40 60 80 0 1000 2000 3000 4000 0 5 10 15 20 25
eta DO mass_DO decay length
1071 5 10* 5
] ] -4
*E 1072 1 *E 10° *E 0
2 3 :
o ] v} ) (9]
103 3 10-1 _; 10-% -
10_4 = T T T 1-0_2 = T T T T T T T T
-5 0 5 1.0 1.5 2.0 2.5 0 10000 20000 30000
costheta
101-_ Background 1.7 <mpy < 2.1 GeVlc
Signal
fE’ o] 1.0<mMpp<1.700r 2.1 < mpo < 2.8 GeVlc
S 107 3
8 E
1071 5
T T T T T
-1.0 -0.5 0.0 0.5 1.0

> 0 0 0 0 0 0 0 0000000000000
14/01/25 DO Reconstruction with ML:Shyam Kumar 7



Signal and Background Correlations
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Model Performances

P N TPR— True Positive(TP)
Model can be saved to .onnx format P ™ " True Positive (TP )+ False Negative(FN )
FPR— False Positive( FP)
F FP EN False Positive( FP )+ True Negative(TN )
AUC: Area Under Curve
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How Boosted Decision Tree (BDT) classifier separates signal Receiver Operating Characteristic (ROC)

from background

A perfect classifier would have a point at (0, 1), indicating no false positives and all true positives
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Features of Importance (Training)

SHAP (SHapley Additive exPlanations)

Concept of Game theory in Mathematics

costheta
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mean(|SHAP value|) (average impact on model output magnitude)
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Application of model

| applied it again on signal with topological cut for ePIC 24.12.0 (Before selection)

Normalized Plots After selection: Applying a BDT threshold cut

D° Meson Mass Distribution for model_output>0.0 D° Meson Mass Distribution for model_output>0.75 D° Meson Mass Distribution for model_output>0.8
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Application of model

| applied it again on signal with topological cut for ePIC 24.12.0 (Before selection)

Normalized Plots

D° Meson Mass Distribution for model_output>0.85
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After selection: Applying a BDT threshold cut

D° Meson Mass Distribution for model_output>0.9
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Summary and Future Plan

> First version of Machine learning model implemented for the Do reconstruction in ep collisions
> Next Steps:
=> Add more feature e.g. single track impact parameters, etc.
Further apply it to the collisions with backgrounds
Remove perfect particle identification using only topological variables (data)
Further make it more differential in pr and n (under testing)

Similar model will implement of A+ reconstruction

v v Vv vV

Once we have prompt, non-prompt tagging then | will implement the multi class classifier

THANK YOU Il
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