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Introduction

B The Super Tau Charm Facility (STCF) is an important option for China's future accelerator-based

particle physics large-scale scientific facility.

Linear@ccelerator Damp ring Storage ring
400 m 65 m 800 m

~6m

Detector
__lanr-dur L ’
~7Tm Schematic layout of the STCF detector concept
m '"*iM . . .
par L ‘aram eters of STCF Physics Objectives
v ' * Rich physics with c quark and 7 leptons

« E.p=27GeV,

* Non-perturbed strong interaction and new

* L=0.5x10% cm=2s™ exotic hadronic states
» Circumference: Double-ring, 600-800 m *  Studying flavor physics and CP violation physics
» Crossing angle: 2x30mrad + Searching for new physics



Introduction

M Particle identification (PID) is one of the most important and commonly used tools for the physics

electromagnetic hadronic muon
tracker calorimeter calorimeter detector

analysis in STCF.

¥
B The PID algorithm performance is crutial for exploiting the potential of
HH/p

STCF detectors. charged

hadron
neutral

— . hadron

ooy Cylindrical tRWELL » /K (K/p) 3-4a separation up to 2Gev/c ——

+ G,<100 ym CMOS MAPS

f"’:q(m“m Cylindrical * /1/7Z'Up to ZGeV/C, 7z SUppression ~ 3% inner layer > outer layer

+ G/p~05%@1Gev  Drift chamber . .. :

*  Good discrimination power for y/n/K}

B Better particle identification usually requires the combination of information

pCsl + APD

from multiple sub-detectors.

Pos. Res. : 5 mm

® Single sub-detector is often sub-optimal

® Usually difficult for traditional PID algorithms to combine all sub-detectors 4



Introduction

B The data-driven machine learning (ML) has provided a powerful toolbox for PID.

® Advantage: Extracting effective information from large amounts of interrelate data
® Widely applied and opening up new possibilities in high-energy physics experiments.
® Achieved outstanding results in the field of PID.

. LHCb. Bellell. CMS and ALICE .......

Main methods : Boosted Decision Tree (BDT) and Neural Networks (NN)
B Innovated and developed a Global Particle Identification (GlobalPID) software algorithm

based on the ML techniques.

® Achieve optimal PID performance
® Targeting at particle identification

. o
problem at the STCF experiment To boost the progress of physics

analysis work
® Exploration the physical potential



Introduction

/— Identification of charged particles (e/u/mn/K/p) \

* Combine all sub-detectors reconstruction information
* Taking BDT (based on XGBoost) as a baseline model

* Other ML algorithms tested as well :

Tracker

\_ MLP, SVM, Transformer ..... -

— Charged hadrons discrimination \
* e.g. DTOF raw information: The hit position and time

of Cherenkov photons on the sensor

* Based on classical convolutional neural network (CNN)|

on PID detectors

* Improve hadron discrimination power

k « _As the input for charged particlelD /

(dE/dx) PID for charged particles
(BDT/MLP/Transformer)
PID .
Detectors | ~// mrm—777 77— \ -
PID for charged hardons ONNX |
(CNN/GNN) ! :
ecaa. (K / ——7 72— /J 7 l """" |
PID for neutral particles
(BDT/MLP/CNN) GlobalPID
MUD

Neutral particle (y/K °/n) identification

* Fully utilize energy deposition, time response
within the ECAL and MUD hit pattern

* A convolutional neural network is developed

for neutral particle identification
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Data Sample

. »  Accuracy varies with the number of traing tracks
B The quality of the data samples

1.0

* High statistics

0.9 -+

* large momentum and angle coverage

<
@
1

B Data production

Accuracy

*  Based on OSCAR simulation and reconstruction

o
-l

*  MC single charged track using ParticleGun
0.6 1

* 50000 tracks for each type (ex, yx, 1, KX, px)

+ Acc

* pE(O.Z, 204 )GeV/C, HE(ZOO, 1600)7 ph‘i = 0o 05 T T T T T
0 10000 20000 30000 40000
the number of certain particles

B Pre-processing

*  Flatten momentum and 0 spectrum to avoid bias due to p/6 distribution

* Train:Validation:Test = 8:1:1



Training and Tuning : Feature Selection

Selecting a subset of the most informative features from large amount of interrelated sub-detectors information

can help stabilize the model training process

Tracker/dEdx/RICH/DTOF/ECAL/MUD reconstructed variables have been collected

45 features are kept, feature importance distribution of the features is obtained (Full list of variables please see backup slides)

Feature importance

dEdXsepE
maxHit

82.73547816918727

dEdXsepMU

78.60722825436677

epK

76.77321627237035

IASEp
maxHitLayer

numHit;

74.37050815760988
58.748688187362305

S
dEdXsepP

56.559673276111276

dEdXsepP

PSHitNum

41.00114174

34.976845492029064

34.607498977280244

32.17349258496565

31.00426913328938

29.009763273011

26.397728764846]76

22.32098089371599

. e5x5 1
helixPar_cpa 1

Features

19.103710484818368
16.67516917840427
14.60655747930072
11.605073270498842

energy - 9.361611211164908
latMomerit 1 9.102758141392293
mudphi - 8.87382420042974
Iikelihooé)p 6.987979500405166
position” X {———— 6.736154357585424
position”y 6.214135930557011
mom~Z 5.988808463691245
a20Moment | 5.579424432823469
likelihood e 5.575006988086772
likelihood i 5.08569538046666
secondMomeént 1 4.3489309904948685
helixPar tanl|{—— 3.9948499357244134
likelihood™ mu +—— 3-905012785676942
likelihood k —— 3.780284278969268
ad2MomeTit —— 3.679349259609278
position z +—— 3:37620716352761
trackphi +—— 3.166730145044177
tracktheta +——= 3110415575
MOM_Y 1— 2:611948474194355
helixPar_pRj +—2-3322967579375815
helixPar dQ +— 1.8553155746655998

helixPar z0 +— 1.726413284296351

o

50.76435432273418
50.03187925685022
15098

37.53876889395049

102.08611296724477

127.41652298058727

20 40

60 80

gain

100

120

140



Training and Tuning : Optimal Hyperparameters

B Target: automated optimization of BDT hyperparameters

* Reduce manual intervention and time costs

* Improve model efficiency and reliability

B Optimal
GridSearchCV

* Discrimination power between charged particles are

used as criteria

hyperparameters

are obtained based on

Megative Log Loss

* Search range of max_depth: [200,1200]

* Search range of n_estimators: [3,15]

B Selected hyperparameters
* max_depth: 7

* n_estimators: 800

* Tunningofhyper-parameters

—0.30 A

—0.32 +

—0.34 +

|
=
iw
[=2]

—0.38 +

—— depth: 3
depth: 4
—— depth: 5
—— depth: 6
—— depth: 7
—— depth: 8
depth: 9
—— depth: 10
depth: 11
—— depth: 12
—— depth: 13
depth: 14
—— depth: 15

il

Best:(7,800)

T T T
600 800 1000

n_estimators

T T
200 400

10




Performance

B BDT model(based on XGBoost) is trained and optimized to discriminate (e, y, m, k, P)

B Preliminary results have been obtained

1.4+

1.2 1

0.4 1

0.2 1

*

*

Good performance for leptons

Hadron performance is sub-optimal at the moment. Expecting better performance with updated

PID reconstruction algorithms

* Learning curve

—— training set
—— validation set

T T T T
100 200 300 400

True Positive Rate

1.0 1

0.8

0.6 1

0.2 {

0.0

The receiver operating characteristic
curve (ROC curve)

A Y
True label

#° = ROC curve of class e (area = 1.00)
’ = ROC curve of class u (area = 1.00)

,f - ROC curve of class i (area = 0.95)

’ = ROC curve of class K (area = 0.97)
—— ROC curve of class p (area = 0.99)

T T T T
0.2 0.4 0.6 0.8 1.0
False Positive Rate

* Confusion matrix

e u n K
Predicted label

8000

6000

- 4000

- 2000



Performance

e(Five Particles Identification)

257

B Charged Particle Identification Performance In GlobalPID (preliminary)

2
. . . The number of signal selected correctly i
* o )
Signal efficiency : The total number of signal 31.5_
E [
* Particle discrimination performance in different PID modes : 5 .
2
All(e/p/m/K/p),i/K/p,n/K,e/nt/K,pu/m i
1 1 07 08 06 04 02 0 02 04 06 08 1
. - ......llll.llll.-llll........ coso
08 osk u(Five Particles Identification)
- - 2A5k 1
508 506p . : m
& § 00 -t (uln) | 2f o
0.4 0.4 [ : : F = |
, 81.5»
0.2 0.2 .. E__E:
0—1 08 06 04 02 0 02 04 06 08 1 00 0.5 1 1.5 2 25 i
cosTheta P 05
« The signal efficiency and background misidentification rate(no more oF i

) 108 06 04 02 0 02 04 06 08 1
than 1%) for w at different momentum and angles. , e
« The signal efficiency for e and u



STCF DTOF based on classical convolutional
neural network n/k discrimination  ZhipengYao

The DTOF is located on the end cap of the STCF PID system and is based on an total internal reflection
Cherenkov time-of-flight detector.

* Using the hit position and time of Cherenkov photons on the photomultiplier tube, a two-
dimensional pixel map is constructed and a convolutional neural network is developed for m/k

discrimination, further enhancing the PID performance of the DTOF.

G F P FC
(

w

P C

—)
. gy i
. ni
1) (O (t+1)

k

180

160

140

120

100

® ——
60

40

20

0

§ omm

T 0 100 200 300 400 500 600 700 800

15mm channe
- [

200mm

The darker areas in the image indicate a higher probability of Cherenkov photons being detected
at the corresponding channel at the given time. The overall image represents the topological

structure of Cherenkov photons produced by different particles.
13



efficiency

STCF DTOF based on classical convolutional

neural network n[k discrimination zhipeng Yao

- model : EfficientNetV2-S Accuracy = 99.46%

Stage Operator Stride | #Channels | #Layers B Using EfficientNetV2-S as the baseline model and
0 Conv3x3 2 24 1 CRC "
1 | Fused-MBConvl, k3x3 | 1 24 2 opt:"r."Z]ng . .. . .
2 | Fused-MBConv4,k3x3 | 2 48 4 B Training:Adding momentum and position information
3 Fused-MBConv4, k3x3 2 64 4 . : . :
4 | MBComd k303 sE025 | 3 g . of particle hits in the DTOF outside of the fully
5 | MBConv6, k3x3, SE025 | | 160 9 connected layers
6 | MBConv6, k3x3, SE0.25 | 2 256 15
7 Convixl & Pooling & FC | - 1280 1

pion signal efficiency

f.0001.0001.0001.0001.0001.0000.989 1.0001.000 1.000 1.0001.0001.000 1.0001.0000.988 1.0001.000 1.000 1.000L.000)
35
- - - T~ o A . 000 1.0001.000'1.000 1.0001.000 1.000 1.0001.000 1000 10001000 1.000 1.0001.000 1,000 1.0001.000 1000 10001000
« The signal efficiency and background misidentification ]
f.0001.0001.0001.0001.0001.000 1.000 1.0001.000 1.000 1.0001.000 1.000 1.0001.0001.0001.0001.000 1.000 10001000} 0 9
33 ru.
. e, 4./, poO0100010001.0001.0001.000100010001000100010001.0001.0001.0001.0001.0001.0001.0001.0001.0001.000]
32
rate for pions/kaons at different momentum and angles. e o100 0055 208108000 53081.000 5 500G 0850010
31
'E‘, po000.SET1.0001.0001.0001.0001.0001.0001.0001.0001.0001.0001.0001.0000. L.9E91.0001.0001.000 100010001000 L 0 8
i ici i i ici i @ 30 .
Signal/background efficiency against monmentum Signal/background efficiency against theta B, " oonz 000100020001 0002 0302030120802 800 000 0002.6001.0001.6001.000 00010051 0502000 000109
29
S OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO
L0 # + + + + + + + 4+ 4+ + + & 4+ 4+ + + + + 4+ & 104 4+ + + + + + + % + + + + + + v 28 4
E fO001.0000.9881.0001.0001.0001.0001.0001.0000.985 1.0001.0001.0001.0000.9851.0001.0000.%50 1.0001.0001L.000 0_?
27
fl.O001.0001.0001.0001.0001.0001.0001.0001.0001.0001.0001.0001.0001.0001.0000.989 1.0000.9731.0000.9890.988
26
O'B 1 O'B 1 p.9731.0001.0001.0001.0001.0000.990 1.0001.000 1000 1.0001.0001.0001.0001.0000.9880.9800.9890.989 10001000
25
fl.OOD0.3881.0001.0001.0001.0001.0001.0001.0001.0001.0001.0001.0001.0001.0001.0001.0000.962 1.0000.9870.973] 0'6
24
0.6 | - 0.6 | fl.O0OD0.3871.0001.0001.0001.0001.0001.0001.0001.0001.0001.0001.0001.0000.9871.0001.0001.0001.0000.9620.908
L%} 23 -
g p.9270.9891.0001.0001.0001.000 1.0001.0001.000 1000 1.0001.0001.0001.0001.0000.9870.9300.9780.9010.9790.978
E 22 T T T T T T T T T T T T T T T T T T T T 0-5
0.4 T 0.4 PP E QPP PP DDA DD g
Monmentum [Gev/c]
0.2 0.2 + ksignal . ) .
«  pi background « The signal efficiency for pions (the
0_(}—ll--o.--o-oo---.-l-l' 0(}" L I ] L] +pi5igna| b k d h cy
. F backaround ackground no more than 3%)
T T T T T T T T T T T T T T T T
025 050 075 1.00 125 150 175 2.00 2.25 22 24 26 28 30 32 34 36 14

monmentum theta
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Data Sample

10 Leftendcap 51 Barrel 10 Rightendcap

B Energy deposition pixel map (71*136) : ( A Y

® X-coordinate : Position information
» Left endcap / Right endcap (0-9/61-70) : : :
« Barrel (10-60) >‘

® Y-coordinate: CrystallD

132
A

9¢1

® Value: Energy deposition inside the crystal

__ : « Energy deposition pixel map
B Neutral Particle Data Sample:
) | ® y/K /n
: 1 ® Generated by ParticleGun
’ ® 100,000(Each type)
2.50 % 102 3 . : — o — o
o I sonac o Energy Deposition in ECAL Pe (0, 2.0) Gev/c,0 =90%¢ =0

Energy Deposition for K2

16



MUD Endcap-2 (a)
Convolution(3 x 3) Max-Pooling(2 x 2) MUD Information Plastic scmt.nmg “"/f” ““""m -

Convolution(3 x 3)

kernel valid padding Max-Pooling(2x2)  kernel valid padding 1
k A A [ A \ I Neutron
shielding layer
INPUT [ N 4 \ \4
T s Bakelite-RPC ~ Tron yoke I|| l:‘i:g:’:;;c
120 s \: ‘
= Dy - Prediction score
- __ o = %
i 200x10°! E_i ’_-: —; ; i i .,—f—‘ ....... @
) 134 X 69 x 32 67 X 34 X 32 65 X 32 X 64 32x 16 x 64 15x7 x 64  Full Connection Layer

0

136 X %1 X1
B The initial implementation of a global neutral particle discriminator based on CNN

B CNN consists of alternating convolutional and pooling layers, ending with fully connected layers
* Convolutional Layer: Use convolutional kernels to extract new hidden features
* Pooling Layer: Reduce data dimensionality, prevent overfitting, and reduce resource usage

*  Fully Connected Layer: Add MUD information in the future 17
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The neutron and K, identification capability still needs improvement



GlobalPID Software

for analysis and research.

= 2 GlobalPID
Applications

Generator
* For the identification of charged particles | o e

Core Software E

* Pre-trained model is integrated, and made transparent to users | reweer [ eow | [oemio

Gmmuy Database  VertexFit

* Based on C-API of XGBoost, Provided simple interface and user manual for users

External Library/Tools
Podio  Geantd  ROOT
GlobalPID¥ & 5 ik B '
— . EESEXHR LTS F. 15L& FE IR IR T ARUN R . DD4hep GenfFit CERNLIB
: u " float m_prob_e=m_pid->prob(Electron); izecerme romnsms) \
#include "GlobalPID/GlobalPIDSve.h float m_prob_mu=m_pid->prob(Muon):_(uonfE s T SrmEs)
Z. TEEEXfr+ X TGlobalPIDSvciE float m_prob_pi=m_pid->prob(Pion); (#pionfid TaraNEE)
SniperPtr<GlobalPIDSve> globalpidsve(getParent(), "GlobalPIDSve"); float m prob_k=m pid->prob(Kaon):_(#ksonfEid Tariies
if (_globalpidsve valid() ) { float m_prob_p =m_pid->prob(Proton); (£pmonf:
Loglnfo << "the GlobalPIDSvc instance is retrieved" << std:;endl; + PythonfcE

) it <t oS P B Development of the ML-based software packages

b

else{ pidsve property("SetModelPath") set(topdir+'/Analysis/Global PID/src/xgb.mod

LogError =< '"Failed to get the GlobalPIDSve instance!” <<std:-endl; EI_;) ('SetMethod") set"KGBoost R . .o .

st e e~~~ for hadron and neutron particle identification.
H L] BRI XERIPIDEETE . Allle/mu/pi/K/p),pi/K/p. oK. e/prK mu/pi

m_pid=_globalpidsve data();
e B The GlobalPID packages integration : All the
: ﬁ%ﬂ;ﬁiemmde (m_pid->onlyKaon()|m pid->onlyPion()|m pid->onlyProton());

58 s software packages will be transferred into the

=

ONNX framework. 19



Summary

B To fully exploit the performance of the STCF detector, a novel GlobalPID
algorithm based on machine learning is developing.
B Based on a data-driven method, BDT is used as a baseline to discriminate

charged particles at STCF.

* Extract features from many correlated variables(integrating all sub-detector information) )‘re Study is heeded to do:

*  Provi h iclei ificati f in diff PID : . :
rovides charged particle identification performance in different modes + Add time response and MUD information

+ Drive the fast simulation work to neutral particle identification

B Integrate PID system information and use CNN to achieve hadron
* Further study the variables used for PID

discrimination.

B Aglobal neutral particle identifier based on CNN is initially implemented. * Try other machine learning techniques
B Preliminary results for the identification of charged and neutral particles Upgradation and result verification for

have been obtained, but need to be further checked and validated.
GlobalPID software package

B The GlobalPID software package has been completed for charged particles

identification and is available for analysis and research.
20
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® [eatures

| ESznR=<EISY | Ui B | || |FFIE RS R |
ReconstructinParticle “charge’ 2R - ) Ay DEDX 'dEdXsepE/MU/PI/K/P' FF FRR R T B chi2{E
“‘momentum.x’
‘momentum.y’ KiF{Exyz )7 [a] b3 & RecECALShower ‘numHits’ EECALHE W HH % H
‘momentum.z’ ‘energy’ HER TR E
‘eSeed’ My HREE
RecRICHLikelihood ‘likelihood_e’ AR B 1 B AT R ‘e3x3’ 33 hm AR N I RER DTN
“likelihood_mu’ ZRLFR B I muon A B4 ‘e5x5’ 5¢5am A N B RE B PTIA
‘likelihood_k’ ZHRL RS N kaon AT R 14 ‘position.x’ Shower[F)xALFR
‘likelihood_pi’ R A kaon AT BEE ‘position.y’ Shower FlyAA A%
‘likelihood_p’ 2R A proton ) 1] BE T4 ‘position.z’ Shower ] zA- A5
‘secondMoment ’ B R

DTOFPid ‘logl_¢’ WL 73 A AE TUARLFBAC S B AT RETE ‘LateralMoment ’ o [ 4
Togl,_mu' ‘ZernikeMoment{2,0} ° Zernike2*0Hi[E
Togl._pi' ‘ZernikeMoment{4,2}’ Zerniked4*2Hi [
Togl,_k'
TogL, p'

MUDTrack ‘theta’ TERR T 7] L [ A
TrackerRecTrack “helixPar_d0’ ‘phi’ TExy F 1 192 /A
“hitNum”’ FEUTHRI 25 B o 4
‘RPCHitNum’ FEHLPHMR . (RPC) H )il AR
‘helixPar_phi’ ‘PSHitNum’ TEBERE N SRR TR 2% 1) o
“maxHit’ A e K h R E N A
‘helixPar_cpa’ ‘maxHitLayer’ iz HEMER

‘helixPar_z0’

“helixPar_tanl’ @




® Efficiency distribution
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® The signal efficiency of Proton
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+ Based on the selected features, various models are studied and
tested:

e Boosted decision tree based on XGBoost and LightGBM
e Deep neural network

e Support vector machine

+» Model optimization is based on a combination of grid search and
bayasian optimization

ROC Curve (mu) ROC Curve (pi)
1.0 1 1.0 - .
BDT (XGBoost) is
| . .
%1 | P chosen given its
’I
"
- performance and
g tranparency
0.47 0.4 -
max depth: 7
0.2 /,:’1 —_ )fgbocst ROC curve (AUC = 0.9900) | 0.2 1 — 5gboost ROC curve (AUC = 0.9779) n eStlmatO[’S 400
lightgbm ROC curve (AUC = 0.9896) lightgbm ROC curve (AUC = 0.9777)
. —— mlp ROC curve (AUC = 0.9850) . —— mlp ROC curve (AUC = 0.9697)
0.04 *° —— pid ROC curve (AUC = 0.9169) 004 ¥ —— pid ROC curve (AUC = 0.9176)
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