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GlueX at Thomas Jefferson National Laboratory

Hall D
(Gluex)

B
Experimental E

Halls A/B/C
Experimental Hall D: Physics Program at GlueX:
@ Over 125 scientists from: @ Study properties of strong force

S 28 Institutions (Blnds quarks into protons, protons-neutrons into nuclel)

> 10 Countries @ Search for new particles or new particle states

@ Experiments with polarized = Baryon- /Meson - Spectroscopy

photon beam @ Test fundamental symmetries in physics:
= Rare decay modes of the 1(")-meson
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Photo-Production Data

Photon Tagger

12 GeV e-

North LINAC

Diamond Radiator  Electron
[T Y-V {ef Beam Dump

@ Photon beam with energies
€ [3GeV,12GeV]

@ Do not produce just one particle, but a
whole bunch of them
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Photo-Production Data

Photon Tagger Pair Spectrometer

12 GeV e- & Triplet

North LINAC
Photon

Beam Dump

Diamond Radiator  Eleciron Collimator
East ARC Beam Dump Spectrometer

@ Photon beam with energies
€ [3GeV,12GeV]

n
@ Do not produce just one particle, but a
whole bunch of them w
@ Some production mechanisms are more
dominant
@ Final states with similar topology, but
different particles: .
> noatr Ty n—etey
> & KTK™ < p—ata™
?

> p— wtr~ + fake photon <+
n—atry

@ In general: Pions are dominating
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Photo-Production Data

Photon Tagger Pair Spectrometer
& Triplet,

12 GeV e-

North LINAC
Photon
Beam Dump

Diamond Radiator  Electron Collimator
East ARC Beam Dump Spectrometer

@ Photon beam with energies

€ [3GeV,12GeV] n
@ Do not produce just one particle, but a

whole bunch of them
@ Some production mechanisms are more

dominant

@ Need reliable algorithms/methods to:

i) Reconstruct the measured data P
properly (Kalmann-Filter, Clustering,...)

ii) Identify particle final states ”
correctly (Kinematic Fitting,...) :

iii) Figure out what is going on in the
yellow area (Partial Wave Analysis,...)
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Symmetries and CP-Violation

CP
| T |
| | |
| | |
Charge Parity
fp— A
| | |
C |} C |) ‘: )
|

| |
Left handed Particle Left handed Anti-Particle  Right handed Anti-Particle

@ Symmetries in physics: Charge-, Parity- and Time- conjugation

@ CP-Violation is one (of three necessary) condition(s) required to cause an
imbalance between matter and anti-matter

(A. Sakharov)
@ Candidates to study CP-Violation: K°-, B%- and n-Decays
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The Anomalous Decay n) — ntr—ete”

\»&o‘)ﬁ" g '5'.”.'1)(% @ 7()-Mesons are allrounder for interesting physics
i Sere, .
% R studies
Eoal = P @ Look at decay: (") — nfrn~eTe™ to study

N P CP-violation:

oMo y y oy
(') (') => Asymmetry Ag of angle ® between 77 -eTe™-
(rr decay planes

- Quark mass ratio - QCD anomalies - Transition Form Factor
- Isospin violation -~ FS| > CP-violation

@ Upper limit predicted by theory: Agp ~ 1%
D. Gao. Mod. Phys. Lett., A17:1583-1588,(2002)

@ Current experimental results:
Ap = (—0.6 & 2.515¢ & 1.855) - 1072

KLOE coll. Phys. Lett., B675:283-288,(2009)

=> Particle Identification is crucial for
precise/sensitive measurement

= Utilize machine learning for classification between 7= and e*
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The GlueX-Detector and Particle Identification

forward calorimeter

@ Reconstruction of charged particles: A i barrel  time-of

calorimeter -flight
target

> Magnetic field + Drift Chamber

> Energy deposits in calorimeters

> Different detector sub-parts used
depending on 0-Angle of particle

(] Goal(s): dlavr;ond - forward drift
—_— ‘wafer = chambers
i | drift
i) Reprod uce detectc.>r response for _ 2 centaat
each particle species L\ electron —
ii) Use detection pattern for beam et

classification

theta > 10° Electron

AE(BCAL) [GeV]

Central Drift Chamber  Forward Drift Chambers
cDC FDC

Barrel Calorimeter BCAL

Forward Calorimeter FCAL

7 8

6
p [GeV/c]
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The GlueX-Detector and Particle Identification

forward calorimeter

@ Reconstruction of charged particles: A barrel  time-of

calorimeter -flight
target -

> Magnetic field + Drift Chamber

> Energy deposits in calorimeters

> Different detector sub-parts used
depending on 0-Angle of particle

o Goal(s): dlam'ond — forward drift
——— ‘wafer chambers
i) Reproduce detector response for 2 centaat
each particle species L\ electron —
ii) Use detection pattern for [ aonet

classification

theta <= 10°

/ Electron

Central Drift Chamber  Forward Drift Chambers
cDC FDC

Barrel Calorimeter BCAL

Forward Calorimeter FCAL
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The GlueX-Detector and Particle Identification

@ Reconstruction of charged particles:
> Magnetic field + Drift Chamber
> Energy deposits in calorimeters
> Different detector sub-parts used
depending on 6-Angle of particle

@ Goal(s):
i) Reproduce detector response for
each particle species
ii) Use detection pattern for
classification

Negative Pion

theta > 10°

Central Drift Chamber  Forward Drift Chambers
(o]} FDC

Barrel Calorimeter BCAL

diamond

AE(BCAL) [GeV]

Forward Calorimeter FCAL
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The GlueX-Detector and Particle Identification

@ Reconstruction of charged particles:
> Magnetic field + Drift Chamber
> Energy deposits in calorimeters
> Different detector sub-parts used
depending on 0-Angle of particle

@ Goal(s):
i) Reproduce detector response for
each particle species
ii) Use detection pattern for
classification

theta <= 10°

{——:'f»

Central Drift Chamber  Forward Drift Chambers
(o]} FDC

Barrel Calorimeter BCAL

>

o

S

o0

Negative <
Pion O
L

L

<

diamond
wafer

//\

electron

Forward Calorimeter FCAL
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forward calorimeter

barrel  time-of
calorimeter -flight
target -

photon beam

forward drift
chambers

central drift
chamber

electron

tagger magnet beam
magnet

superconducting

Negative Pions in FCAL

(Simulated single Tracks)

p [GeV/c]
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Data Set(s) and Training

@ Information used for classification:
Sub-Detector || Momentum p | Angle 6 | Energy Deposit AE

CDC X X X
BCAL - - X
FDC X X X
FCAL - - X

@ "Classical* Approach: Train a classifier with electrons as signal and pions as background
= Not done here

@ Trained neural network with simulated single particle tracks (signal) +
random flat detector response (background) for: e™, e=, 7™ and 7~
=>0ne neural network per particle and per charge

— 8 : - e
% Background o —— Training Data
S B
gy lectrons = —— Validation Data
J : 3
<< E 0.1
O
m ('3 [
L f
< o o1
Il o013
2 L
< 0125
0 [ " 4 5 6 7 B o 7N5‘UO Nl(‘)OU NQAOO NS‘UUU N7K‘]DU NIU‘DUO NIZ‘UUU
p [GeV/c] Training Epoch
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Using the Classifier-Output *

* Inspired by PhD-Thesis from Daniel Coderre (2012)

30000]

25000

20000]

Entries [a.u.]

15000

10000

5000

Is Electron and
accpted

— Signal Electron Network| Z ogese Electron Network X b Electron Network
— Background i” :: "‘-.‘_ \;u;n m‘i
3 ]
Reject? <= | => Acccept & :7 .“‘.‘-, & Ay
8 3 b o
\_ o hY o e,
; op- \ T
] S T
3T 0% o3 04 05 08 07 08 0o oz o o5 o8 T E oz o 3 o8 ]
Network Output Network Output Network Output
@ Instead of network output, use ROC
(i.e. efficiency, false identification rate) for
Electron Candidate classification
@ Calculate two probabilities:
0.5 X €
1 Pe= 5
‘ 0.5 x €S M 0.5 x €s ‘
0.5 x (1 —€s)
2. Ps =

Is Electron but
rejected

Is Not Electron
and rejected

Is Not Electron
but accepted

(0.5 % (1—25) [+ 0.5 x (1—es)]
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Using the Classifier-Output *

* Inspired by PhD-Thesis from Daniel Coderre (2012)

30000]

25000

20000]

Entries [a.u.]

10000

5000

— Signal Electron Network|
— Background

Reject? <= | = Acccept

s s L T
07 0z 03 04 05 08 07 08 08

Network Output

Electron Candidate

X 00esee Electron Network X ok Electron Network
v % ."".‘_ WA
= s0f+
3 *-.,_\ o h
e ©
S b T e,
S Y [
£ s % Z \\,‘_
w = C e,
: k. 2 oo,
3 \‘ [
3 : 3 T%
oz o o6 o g s oz o o o8 g
Network Output Network Output

@ Instead of network output, use ROC
(i.e. efficiency, false identification rate) for
classification

Calculate two probabilities:

0.5 X €5

Is Electron and
accpted

Is Electron but
rejected

Is Not Electron
and rejected

Is Not Electron
but accepted

1. Po=
‘ 0.5 x €S M 0.5 x €s ‘
0.5 x (1 —€s)
2. Ps=

(0.5 % (1—25) [+ 0.5 x (1—es)]
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Using the Classifier-Output *

* Inspired by PhD-Thesis from Daniel Coderre (2012)

5 M signal Electron Network] R ofeeen Electron Network & ok Electron Network
Puipm pooee o >
» — Background w lw |
2 Voowe Wwh
= 2000 [ 7 Al
c Reject? <= | => Acccept S O e
W00 S °F . °
£ s % Z
10000~ w e \ = r .
T o \ 8 e,
soo0f— o \ wf-
= S h3 y 3 T%
— e}
ST05 03 04 05 06 07 08 08 oz o o6 o g o oz o o o8 g
Network Output Network Output Network Output

@ Instead of network output, use ROC
(i.e. efficiency, false identification rate) for

Electron Candidate classification
@ Calculate two probabilities:

0.5 X €5

Is Electron el . Is Not Electron 1 Pe e
VAN ectron AN . ‘05><6 H —
— = . s+ 0.5 x &g
L=/ N\ </ N\
0.5 x (1 —€s)
Is Electron and Is Electron but | | Is Not Electron Is Not Electron 2 Pé = -
I accpted I rejected and rejected I but accepted ‘ 0.5 x (1 — 65) “F’ 0.5 x (1 — 65) ‘
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Using the Classifier-Output *

* Inspired by PhD-Thesis from Daniel Coderre (2012)

S ol Negative Pion S — Negative Pion L e Negative Pion
S Network @ s, Network o A Network
o 2 w ", v f
2 > @ |
5 9 g &
c 5 T o«
L 40000] L e AY .
£ b o K
o n W oW % 2 \"-.‘_“.
20000 \ o oo,
i X [ m‘"“'-.
10000/ o 2~ \ © e,
fowes o | | | , y <—"’“ | | | o teeatany
™07 53 b4 s 08 o7 o5 63 [ I T R d & e e o8 d
Network Output Network Output Network Output

@ Instead of network output, use ROC
(i.e. efficiency, false identification rate) for
classification

@ Calculate two probabilities:
1. Pz = f(Electron Network)

2 P, Pexcs

:‘P5X65‘+(1—P§)><€5‘

@ Ps serves as prior probability for the
I pemmrer—| p—r— pion-hypothesis
==

e s e
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Using the Classifier-Output *

* Inspired by PhD-Thesis from Daniel Coderre (2012)

S ol Negative Pion S — Negative Pion L e Negative Pion
< Network e s, Network o A Network
@ w ", v f
2 > @ |
£ g g &
c 5 T
L 40000] L e AY .
£ b o ‘\_
30000 R T o LY £ o .,
20000 \ o oo,
i X [ m‘"“'-.
10000/ o 2~ \ © e,
oves: = | | | , L z | | e
™07 53 b4 s 08 o7 o5 63 [ I T R d & e e o8 d
Network Output Network Output Network Output

@ Instead of network output, use ROC
(i.e. efficiency, false identification rate) for
classification

@ Calculate two probabilities:
1. Pz = f(Electron Network)

2 P, Pexcs

:‘P5X65‘+(1—P§)><€5‘

Prior Information from
Electron Classifier

@ Ps serves as prior probability for the
I pemmrer—| p—r— pion-hypothesis
==

e s e
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Using the Classifier-Output *

* Inspired by PhD-Thesis from Daniel Coderre (2012)

S ol Negative Pion S — Negative Pion L e Negative Pion
< Network e s, Network o A Network
@ w ", v f
2 > @ |
£ g g &
c 5 T
L 40000] L e AY .
£ b o ‘\_
30000 R T o LY £ o .,
20000 \ o oo,
i X [ m‘"“'-.
10000/ o 2~ \ © e,
oves: = | | | , L z | | e
™07 53 b4 s 08 o7 o5 63 [ I T R d & e e o8 d
Network Output Network Output Network Output

@ Instead of network output, use ROC
(i.e. efficiency, false identification rate) for
classification

@ Calculate two probabilities:
1. Pz = f(Electron Network)

. . 2 P, Pexcs

Pion Classifier (1 — Pé) X €s ‘

&7\ 7"\l Paxes s
\ / \ @ P: serves as prior probability for the
= | [Fe==r] pion-hypothesis
and rejected

|t
e s e
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Application and Validation on Simulated single Particles

b
=} g Electrons and negative Pions
G 25000[
£ Negative Pions
0 H
@ 20000
£ =il B o
LU 150004
=

L L i
12 14 16 18

AE(BCAL)/p

Electrons and negative Pions

Negative Pions

= L L L
02 04 06 08 1 12 14 16 18

AE(FCAL)/p

@ Look at data set with simulated single particle tracks and: N(7*) ~ 20N(e¥)
@ Top figures: No particle identification applied

@ Signature of electrons: AE/p~1
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Application and Validation on Simulated single Particles

Electrons and negative Pions

Entries [a.u.]
Entries [a.u.]

14 16 18

14 16 18

AE(BCAL)/p AE(FCAL)/p

@ Look at data set with simulated single particle tracks and: N(7¥) ~ 20N(e*)
@ Top figures: Particle identification applied with: Pe > P,

Particle || Acceptance BCAL [%] | Acceptance FCAL [%]

Electron 75 33
Pion 5 12

= ~ 80% of Electrons accepted and ~ 90% of Pions rejected
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Application and Validation on Simulated single Particles

25000

——— Negative Pions

N
5]
5
S
S

=
@
8
8
S

Electrons and negative Pions

Entries [a.u.]

10000/~

= L L L L L
02 04 06 08 1 12 14 16 18

AE(BCAL)/p

2
2
3
8

Entries [a.u.

5000~
40000}
3000F-

2000fE

1000}

Electrons and negative Pions

=——— Negative Pions

— L
02 04 06 08

@ Look at data set with simulated single particle tracks and

@ Top figures: Particle identification applied with: P, > P.

L I L L
1 12 14 16 18

AE(FCAL)/p

: N(nt) ~ 20N(e*)

Particle || Acceptance BCAL [%] | Acceptance FCAL [%]

Electron

3

8

Pion

68

7

= ~ 90% of Electrons rejected and ~ 70 — 80% of Pions accepted
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Application and Validation in Analysis of  — n7n ete™
with GlueX-Data

@ Apply method on GlueX data from run period 2017 (2018 to come)

@ Significant reduction of pion-background, but still noticeable contribution
= Room for improvement

@ Promising response for FCAL in measured and simulated data

10° 10°
1800 &'-Candidate before PID . F e-Candidate before PID
=] MC: e"-Candidate before PID 3_ 3500 MC: e’-Candidate before PID
‘6 1600 e’-Candidate after PID :U € -Candidate after PID
—_— —_—
) 1400 MC: e -Candidate after PID /)3000) MC: e"-Candidate after PID
Q Q
"o 1200 =
1000
LLl LLI 2000f
800 !
1500
600
1000
400
200 ;_/,,,\ 500 \
- 3
bl T ok 2 o ra—s ), RTIN
02 04 06 08 1 12 14 16 18 02 04 06 08 1 12 14 16 18
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First Checks on Reliability and Stability

025

02

Ag = (1.0 - Prob.)

" Electrons

—e— No Smearing
—e— 1% Smearing
—e— 5% Smearing
—e— 10% Smearing
o 15% Smearing
—e— 25% Smearing

02 04

Network Output

(1.0 - Prob.)

Ag=

L e e B

—e— No Smearing
—e— 1% Smearing
—e— 5% Smearing
—e— 10% Smearing
o 15% Smearing
—e— 25% Smearing

Negative Pions
1 Il

I I
0.2 04 0.6 0.8 1

Network Output

@ Smeared variables in the test data set randomly with a gaussian function:
variable — variable x Gauss(1, d)

@ Used relative smearing 6 = 1%, 5%, 10%, 15% and 20%:
Particle H > 5% effect on As ‘ Effect on As for 6 = 25%

e:I:

02 15%

14%

ﬂ_i

5 > 25%

8%

@ Ongoing test: Apply method on "clean” channel: p — 777~ and compare response
between data and simulations
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Where to go from here (7)

@ Used machine learning to reproduce detector response for electrons and pions:

i) Combine information from different detector sub-systems
ii) Take angular dependency into account
= Preliminary stage for particle track reconstruction (aka tracking)

@ Particle Track Reconstruction: Go one step down in information hierarchy

» Momentum p < Helix defined by hits in Drift Chamber
> Energy deposits < Group/Cluster of hits in Calorimeter

=> Extend usage of machine learning towards track reconstruction
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Summary and Outlook

@ Application of machine learning based algorithms for particle identification

vl

O
vl

Classification between electrons and pions with neural networks and boosted
decision tree (latter one not shown today)

& developed/tested on decay n!") — ntr"eTe”

First reliability and stability checks

Detailed comparison between measured and simulated data (ongoing)
Classification between kaons, pions and protons (ongoing)

& Include knowledge from e /n®- classification

Include other algorithms for comparison (SVM, Likelihood,...)

Use neural networks to identify properly reconstructed photons and reject
falsely reconstructed ones (not discussed today)

@ Explore possible applications for machine learning

]
(]

Reconstruction of particle tracks (tracking)
High level physics analysis
(Final state selection, partial wave analysis,...)
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Backup Stuff

Contents

Variable Correlations

Training, Validation and Testing
Current Model Selection
Comparison to Decision Tree (GBT)
The big Picture

The Purity

Combinatorics in Analysis of n') — ntg~e®

e

Details on ") — 7tr"ete”
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Backup: Variable Correlations

Simulated Electrons

Gadx FOC

adEdx CDC

o€ FoaL

GE BOAL OEFOAL  GEGCDC  ddEdx FOC

Simulated negative Pions

sdEdx FOC

ddEdx CDC.

o€ FoaL

o€ BoAL

theta

@ Shown here is the Pearson Correlation Coefficient between the classification

variables

@ Correlation in flat background data due to detector geometry
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Backup: Variable Correlations

Flat Background for Electrons

Flat Background for negative Pions

ddEcx FOC ddEcx FOC

adEdx CDC ddEdx CDC.

& FoAL o FeaL

o€ BoAL . o€ BoAL

theta

GE BOAL OEFOAL  GEGODC  ddEdk FOC

@ Shown here is the Pearson Correlation Coefficient between the classification
variables

@ Correlation in flat background data due to detector geometry

Daniel Lersch (FSU ISNET- 12.10.2018 16 / 13



Backup: Training, Validation and Testing

Classification Model1, Classification Model2,
Classification Model3, ...

Train each model and

L Test best model
update internal parameters

— true performance
Compare model
Performance

— choose best one

Main Data Set
Daniel Lersch (FSU) ISNET-6




Backup: Current Model Selection

MCC

Use Mathews Correlation Coefficient:
MCC = SsXca_FPRXFNR o 11 q)

€ €
VP
Currently (not best practice): Take model with
largest MCC on validation data set

Need to consider "costs': Number of parameters
(e.g. training epochs, hidden layers,...)

Bayesian Optimizer for machine learning
algorithms: Spearmint

0.

w 02r
[0 E i
& otk N12000, HL7:5
C o6
o £
=014
m F
T o2
8 b
> 3
o 008
< 0.06
0.04F
0.02
E L 1 L 1 Il L L L L Il
002 004 006 008 01 012 014 016 018 O.

Ag Training Set
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https://en.wikipedia.org/wiki/Matthews_correlation_coefficient
https://github.com/JasperSnoek/spearmint

Backup: Comparison to Decision Tree (GBT)

°

—e— NoSmeaing
—e— 1% Smearing
—e— 5% Smearing
—e— 10% Smearing

o 15% Smearing
—e— 25% Smearing

—e— No Smearing
—e— 1% Smearing
—e— 5% Smearing
—e— 10% Smearing
@ 15% Smearing
—e— 25% Smearing

(1.0 - Prob.)

Ag = (1.0 - Prob.)

As

LI B e e e 7

°
o5
a

[ Electrons [ Electrons

L I L L 1 I I L L 1
0.2 04 08 08 1 02 0.4 0.6 0.8 1

Network Output GBT Output

@ Smeared variables in the test data set randomly with a gaussian function:
variable — variable x Gauss(1, d)

@ Used relative smearing 6 = 1%, 5%, 10%, 15% and 20%:
Classifier for e* || > 5% effect on As | Effect on As for § = 25%

Network 8 2 10% 14%

GBT 5> 10% 25%

*_acceptance ~ 8% — 20%

Daniel Lersch (FSU) ISNET-6 12.10.2018
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Backup: The big Picture

INPUT CLASSIFIER OUTPUT

- Decisive Power - Which type? - How used in further
- Additional preparation - How to train? Analysis?

needed ?(e.g. normalisation) jj § - Implementaion? - Used at which analysis
- How strong correlated? - Handling? Stage?

- Use measured data or MC? - Influence on systematics? - Assigned error?

- Generality? - Handling of unknown data? J| § - Trustworthy?

- Impact on classifier - Reliability? - Generality?
performance?

— Know detector — Training curve — Systematic studies
— Calibration — ROC plot — Error handling
— Match between data/MC  _, Monitoring plots

— Output variable

— Use dedicated frameworks

— Do not reinvent the wheel
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Backup: The Purity

= — 100
= S wf
n® o
b L>)‘ 70§—
‘5 5 60;—
a S “~R=1
E 40
3 ol —— R=5
zoi— zuz—
10F 105—_'_R:10
CE 1 1 1 1 1 1 1 1 1 1 E 1 1 1 1 a1 1 1 1 1
2 4 6 8 10 12 14 16 18 20 10 20 30 40 50 60 70 80 90 100
R = Ng/Ng Purity PS [%]

@ Shown is the response of a neural network on a fake data set (not related to
physics or anything else)

_ -1
@ Purity: Ps = [1 + R x z—i] , with R = ratio between number of background and
signal events
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Backup: Combinatorics in Analysis of n) — ntr—ete”

@ To consider in data analysis: combinatorics

@ Pass posterior probability form configuration i as prior probability to configuration i+1

(Adapted from PhD Thesis from Daniel Coderre (2012))
@ Pick configuration with largest posterior probability

Configuration || Pos. Particle 1 | Neg. Particle 1 | Pos. Particle 2 | Neg. Particle 2 |

1 ot ™ et e~

2 7t e~ et T

3 et e” ot T

4 et f t e
Daniel Lersch (FSU) ISNET-6
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Backup: Details on ) — nfn~ete™

O Data

O Cont. bekg
 bekg

M Signal MC

CP-allowed, and possible CP-forbidden amplitudes

@ Underlying decay: n) — nrn

90.5 <04 -03-02-0.1 0 0.1 02 03 04 05

@ E;-Transition of photon is sindcos
CP-violating
< Need information about
polarizatif)n of photon . @ Determination of As via sin ® cos ¢
< Experimental challenging
@ KLOE reconstructed: 1.6k
@ Look at cases where: v* — eTe™ n— mtT ete - events

KLOE coll. Phys. Lett., B675:283-288,(2009)
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