e/7t/|L SEPARATION IN CPP

 In order to make a precision measurement of the charged pion polarizability, need
to address backgrounds: Bethe-Heitler electrons and muons.

« Two independent studies for e/7 and §/7x identification
- e/m separation focuses on quantities from the forward calorimeter (FCAL).

« u/m separation combines information from FCAL and new detector system
(MWPCs) into one number you can cut on. TMVA guided the mechanical design of
the iron absorbers in the muon system.
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MVA FOR ELECTRON/PION SEPARATION
SUMMARY

2 Multi-layer perceptron neural nets— |
one for e-/1m- separation, one for e+/m+. -

* Train on rho0 pions (700 MeV < W < 770 MeV)
and simulated Bethe-Heitler electron pairs =~ -

« Use 7¥ — yete™ and w(782) —» #'z*n~
reactions as a way to test performance of

the neural nets. / \ (AT -
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Training Samples

We use p0 pion data, and BH electron Monte Carlo for training our single
track neural nets
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CHOOSING TRAINING SAMPLES FOR e/t
NEURAL NET

For CPP Experiment, need to separate Primakoff Pions (signal)
from BH electrons (background).

Primakoff Pions Bethe-Heitler Electrons
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CHOOSING TRAINING SAMPLES FOR e/m
NEURAL NET

* Data or Simulation?
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TRAINING SAMPLES FOR e/t NEURAL NET

 Pion training: Data or Simulation?

. C .
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TRAINING SAMPLES FOR e/t NEURAL NET

) Electron MC: e+ E/pvsP_ Pion MC: m+ E/pvs P
* Pion training: Data or Simulation? - £ =

Require E/p > 0.5 for both e+e- tracks and look at data:
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TRAINING SAMPLES FOR e/t NEURAL NET

o Electron MC: e+E/pvsP_ = Pion MC: m+ E/pvsP
- Pion training: Data or Simulation? - o B i
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TRAINING SAMPLES FOR e/t NEURAL NET

Electron MC: e+ E/pvsP Pion MC: m+ E/p vs P P
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Questions that must be answered:
Is modeling of hadronic showers in calorimeter good enough?
Is sample size of pions too small to be representative?
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TRAINING SAMPLES FOR e/t NEURAL NET

Electron MC: e+ E/p vs P _ Pion MC: m+E/pvs P
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Questions that must be answered:
Is modeling of hadronic showers in calorimeter good enough?
Is sample size of pions too small to be representative?

Can we just get a pure sample of - data for training?
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TRAINING SAMPLES FOR e/t NEURAL NET
 Pion training: Data or Simulatien?

Can we just get a pure sample of m*n- data for training? Yes.
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TRAINING SAMPLES FOR e/t NEURAL NET
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TRAINING SAMPLES FOR e/t NEURAL NET
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TRAINING SAMPLES FOR e/t NEURAL NET

 Pion training: Data or Simutatien?

 Which source to use?

—> should be as close to

Primakoff kinematics as

possible.
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TRAINING SAMPLES FOR e/t NEURAL NET

* Pion Training: p2 Data
« Electron Training: Data or Simulation?

» Bethe-Heitler electrons are the background in CPP, so ideally we should
train on them. Are either BH in GlueX data or MC viable for training?
Data from other source?

« Pure BH data samples are hard to obtain for the same reason we can easily
train on pion data—contamination from p0 pions dominates.

« QED is very well understood—no reason to suspect that the modeling of
calorimeter showers is inadequate.
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Training Variables

We train on 3 variables with quantities constructed from the particle
momentum and the forward calorimeter (FCAL):

E/p, E9/E25 Shower Ratio, FCAL DOCA
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TRAINING VARIABLE SELECTION

* The CPP measurement will be made with low t, forward going Primakoff
pions. Therefore the e/m neural net can only use quantities from forward
detectors—FDC, TOF, FCAL.

Solenoid High Field Region
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TRAINING VARIABLE SELECTION

* The CPP measurement will be made with low t, forward going Primakoff
pions. Therefore the e/m neural net can only use quantities from forward
detectors—FDC, TOF, FCAL.

« Of the forward detectors, FCAL is (probably) the only useful one for e/m

separation.
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TRAINING VARIABLE SELECTION

* The CPP measurement will be made with low t, forward going Primakoff

pions. Therefore the e/m neural net can only use quantities from forward
detectors—FDC, TOF, FCAL.

« Of the forward detectors, FCAL is (probably) the only useful one for e/m
separation.

 |f the NN finds useful information elsewhere, the concern would be that it’s

relying on kinematics of p?versus BH, and would struggle to identify pions
from other sources, e.g. Primakoff pions.

Solenoid High Field Region
n
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VARIABLE 1: E OVER P

E is the shower energy deposited in the forward calorimeter that is associated with the charged track.
P is the magnitude of the 3-momentum of that charged track.

Input variable: Electron FCAL Energy/KinFit momentum magnitude
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VARIABLE 2: E9Q/E25 SHOWER RATIO

E9 and E25 are the sum of the energies in a 3x3 and 5x5 square around the crystal in which the center
of the shower lies.

Input variable: Electron E9/E25 shower ratio
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VARIABLE 3: FCAL DOCA

DOCA is the distance of closest approach. It is the distance in centimeters from the projection of the track
through FCAL to the centroid of the shower. Tracks with no shower are given DOCA of 1000.

Input variable: Electron FCAL DOCA

(1/N)dN/25.6 F

WO-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%
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VARIABLE 3: FCAL DOCA

DOCA is the distance of closest approach. It is the distance in centimeters from the projection of the track
through fcal to the centroid of the shower.

Input variable: Electron FCAL DOCA
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WO SINGLE-TRACK NEURAL NETS OR ONE
'WO-TRACK NEURAL NET?
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Training Methods

MLP, BDT, MLPBNN, LD
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Classifier Outputs for Training Samples

TMVA response for classifier: MLP TMVA response for classifier: MLP
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Classifier Outputs for Training Samples
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Electron FCAL Energy/KinFit momentum magnitude : .
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Electron FCAL DOCA : .
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Cut efficiencies and optimal cut value
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Cut efficiencies and optimal cut value
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Old ROC Curves/DIRC study




Cut efficiencies and optimal cut value

Cut efficiencies and optimal cut value
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Cut efficiencies and optimal cut value

Cut efficiencies and optimal cut value
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Background rejection versus Signal efficiency Background rejection versus Signal efficlency TMVA
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Background rejection versus Signal efficiency
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Background rejection versus Signal efficiency VA Background rejection versus Signal efficiency ava
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1/(Background eff.) versus Signal efficiency TMVA 1/(Background eff.) versus Signal efficiency

MVA Method:
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1/(Background eff.) versus Signal efficiency TMVA 1I(Ba€kgr?und eff.) versus Signal efficiency TMVA

MVA Method:
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Extreme Neural Net Response
Regions

Pions identifying as electrons. How many misclassified electrons would
appear in a given interval
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TMVA response for classifier: MLP

2
§ 10 E_l silglnalll L | 1T T T I T T T T | 1T T T | T T T T 1T T T 1T T T T T T
z -1, | Background
E 10 g/‘ ete™ Bethe-Heitler Simulation p? 2018-01 GlueX data
|
7/
: ?

10"

U/O-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

1072

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
MLP response

Suppose we wanted to only look at pions with a NN response above 0.9.
In the training sample, do we have perfect separation from electrons?

If we were to do the pi0 study again, where we classify the pi0->ge+e- peak,
selecting for pions, how many misclassified electrons could we expect to see above 0.9?7
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Simulated electrons (used in training) MLP Neural net response values.

MVA_MLP_B MVA_MLP_B MVA_MLP_B
- o k- i T B o
305— Std Dev 0.07681 . E + Std E:ev 0.07681 : é Zoom On Y_ aXiS Std Dev 0.02755
2| e + Zoom on Y axis E .
20:_ 0.05;— ++ 0.05;— and X-aX]S
E 0.04i Jr 0.04:—
15— - + g
F 0.03|— + 0.03}—
10f— = ++++ + = . . . N
i ozt pEa A *=-Bin 37 Bin 38 Bin 39 Bin 40
5 :—_,_ 0.01 f— +H+ _,_+++++ o 0.01 %4074%
There are 40 bins total.
40
Npy(x)dx = 39.999664 . . . . . pe
[ o Likelihood of e- track getting misclassified as n- = 0.1%
40
[ Npr(Odx 0030926548
= = 0.0010840325

1140 Npy(x)dx 39.999664
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Simulated positrons (used in training) MLP Neural net response values.

MVA_MLP_B MVA_MLP_B
MVA_MLP_B - - MVA_MLP_B 0.07 .MVA_MLP_B

= Entr?eA;/A_MLIDZ_S%Q15 08 sr::: ° ;gg?;g g I\Enr:;: ° zos.gssqg
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4 F . : "oE Zoom on Y-axis

: 04 Zoom on Y axis b :
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é o - L BiN37 Bin38 BiN39 Bin40

= - . - - ' ; - ]

40
| Nen(dx  0.025666261 Likelihood of e- track getting misclassified as m- = 0.1%

0 = = 0.00064165652
fl Ngy(x)dx 40.000309 Likelihood of e+ track getting misclassified as n+ = 0.06%

0.1% % 0.06 % = 0.006 %
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Classifying pi0->ge+e-

I MLP1_VS_MLP2
o Entries 31754
s Mean x 0.03265
Meany  0.02353 Selecting for Pions
Std Devx 0.07688
SWDevy 0.04663 NN cut  omega->piOpi+pi- (%) pi0->ge+e- (%)
) NN > 0.9 89.27888272 0
. NN > 0.6 92.98702496 0
. NN > 0.55 93.35576502 0.006298419097
. NN > 0.4 94.32370768 0.01259683819
+odies mﬂ%i;ﬁﬁ;:m?w ™ m.:.ff. TR
05 06 07 08 09 1 LIKELIHOOD OF MISCLASSIFICATION AT NN > 0.9 WAS

MLP1

0.1% % 0.06 % = 0.006 %

ZERO P10 events surviving does not contradict this
prediction.

Can actually set NN response cut for pions much lower than |
originally thought.
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TMVA response for classifier: MLP

- ] 2. Low NN
Simulated electrons response PIONS

(1/N) dN/dx

UNNS

Pions have a pileup under
electron peak in two

separate training sample

sources

(BH MC/rho vs omega/pi0) T |
MLP response

a.) Are the number of

events of the low NN

response pions the same

between the tWO training TMVA response for classifier: MLP

sample sources? e eovarowd |

% :z Background pi0->ge+e-
E 10 527 omega->pi0pi+pi-
Contamination? e :
Physics? -
LET’S CALL EVERYTHING ' T e
BELOW BIN 5 THE “LOW

NN RESPONSE REGION”
OR NNR = 0.12
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a.) Are the number of events of
the low NN response pions the
same between the two training
sample sources?

x
3
~
P
b=
=
£
z

Integral procedure:
MVA response histograms have 40 bins.

Background peak integral: bins 1 to 5
Signal peak integral: bins 31 to 40

| keep the bounds of integration the
same for both rho0 and omega(782)

(1/N) dN/dx

LET’S CALL EVERYTHING
BELOW BIN 5 THE “LOW
NN RESPONSE REGION”
OR NNR = 0.12

University of

Massachusetts

10

TMVA response for classifier: MLP

0.0)%

0.0, 0.0)% / (0.0,

ﬁ\ si‘gﬁa‘l\ L T
:EE packaround rho0

| Simulated electrons

g .
e p]

WO-flow (S,B): (

Background peak

TMVA response for classifier: MLP

0.9
MLP response

0.8

5
N, (X)dx  0.76404053
fl Po _ = 0.019567456

40 -
131 Npo(x)dx 39.046492

1000*.019 = 19 events +/- 4 events
(sqrt(19) ~ 4, statistics)

Signal peak

P

Ll[_~_] Background

(e signal - ] T T

pi0->ge+e-

omega->pi0pi+pi-

Background peak

A. Schick, September 30 2020

(0.0,0.0%

0.0)% /

U/O-flow (S,B): (0.0,

0.8 1
MLP response

5
Ji N @dx0.67999367

o = — 0017653167
[N, (@dx 38519641

(782)

roughly 2% in both training methods

Signal peak

Ambherst



Conclusions

* There is no significant contamination in the rhoO training
vs the omega(782) training.
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Integration of 3 complementary regions: how many pion events have at least
1 track in the extreme e+e- NN response territory?

Trained on simulated BH pairs and p — 7zt~ events
Classifing w(782) — 72z~ events

MLP1_VS_MLP2

MLP1_VS_MLP2
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18 +633+879 1530
43391 43391

3.5% of events need to be explained.
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MLP2

3.5% of events need to be explained.

1. Double low NN response

1
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MLP1

MLP1_VS_MLP2
R TR T R T T R T R T WA g g o Ry i
+
-+ : + 7, . N . + R, + o+ *’+ Meanx  0.9697
+ + + + + + N N Meany  0.9603
+ * + + + + + + Std Devx 0.1448
+ + + Std Devy 0.1665
+ +
+ + + + * + +
+

.04% is basically 2% of 2%. Could just be events
where both events charge exchange reaction

0.04 % of w(782) — z’z*7z~ events have both tracks with low NN response values.

Let’s assume (for no good reason other than playing a game)
that this is contamination. Now 3.46% events need to be accounted for.

University of
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3.46% of events need to be explained
2. One high NN response, one low. (NN1 > 0.9, NN2 < 0.12)
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Let’s assume (again, for no good reason)
3.3% of events have charge exchange reaction (m+ or 1-)
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This leaves 0.16% of events left populating “no man’s land”

2. “No man’s land”

§ iy T }ggg:::“g;g Actually let’s pair 0.16% with the 0.04% that we called

ookt IR contamination into a 0.2% group
0.7§T +*+:;+
06— i
0.5§—+— J:ij
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o2l 5
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ol v ey Loy by sy I .+l». P B vl h ln+n.+é-
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+ oy

. T 3.3% total charge exchange reaction (m+ and m-)
"’ 0.2% contamination/unknown
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Benchmark Study 1

Use alternative pure sources of e*e- (from mY Dalitz decay) and m*m- (from
w(782) decay) to test Neural Net classifier output distributions from training.
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LEFT: 2018 GlueX data containing
BH pairs and Rho0. Use NN to classify
and separate.

RIGHT: 2018 GlueX data containing pi0
Dalitz decay. Select for pions and see

BENCHMARK STUDIES how many e+e- pairs from pi0 get through.

yp = eTe (p)

yp — yete p
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Same neural net and cut on NN response used in both studies

v e*e” kinfit invariaﬁt mass (GeV/cz)-
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7’ = yete™ w(782) —» nntrn~ a)(782) — ntn

M2egkin WpiOpippim_kin
Entries 31754 Entries 43391 o 1%‘3’*’#‘ T TR T &W WP VS WLP2 |
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7~ and e~ (BH sim/” training) NN response, logy 2. Pick a neural net response to be the integral boundary.

w s = Integrate all events to the left of that “cut point”)

**since we’re applying the same NNR cut to both tracks, it’s really
integrating within the square below:
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. Repeat steps 2 and 3 with a
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Two Integration Sweeps:

7z~ and e~ (BH sim/p? training) NN response, log y
**On th]s Slide I’m ShOWing TMVA response for classifier: MLP

the NN response for a single 5 19 B Sipha T T

track from the training of 2

the NN. This is only for building g

intuition on what regions will £

accept/reject pions and electrons. s

The actual NN response plots of z

the events I’m integrating s

are on subsequent slides. %

0.1 0.2 0.3 04 05 0.6 0.7 0.8 e :;95 oree
¢ . . ¢ ’ . 5
1. ‘Less than’ sweep: select e, reject m 2. ‘Greater than’ sweep: select m, reject e
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1. ‘Less than’ sweep: select e, reject nt
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2. ‘Greater than’ sweep: select n, reject e
Results from integral sweep
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TMVA "ROC" style curve for accepting omega-> pion events, rejecting piO->electron events
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Benchmark Study 2

Classify GlueX decay containing both p® pions and BH electrons.
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Comparing theta cut ON with theta cut OFF in DATA and MC
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Assume difference is purely pion contamination
from RhoO. Does the assumption hold up to previous
studies?

[ Wi ~ 18140.588
[(Wagr + W, + W,,)  18140.588 + 125071.50 + 116950.00

= 0.069728023

6.9% survival fraction under this assumption.
Let’s compare to omega/pi0 study:
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