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ElectroMagnetic Form Factors (EMFFs)
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Spin 1/2 baryons:
Motivation m Two independent EMFFs: Gg(s), Gum(s)
Neural (s = ¢?, four-momentum transfer)

Hetwork m In time-like region: Complex, with rel. phase A®d(s)

Consistency

and
Systematics dogomlq®)  2ma’B N |
heck E = ——[(1+cos*8)+ —R*(sin” )],
Checks dcos 8 41]" [( ) p ( J]
Prospects
Summary ~
cosf =p-k
P, fiz
A
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Aim of this Study

UPPSALA
UNIVERSITET

Study ete™ — AA at 2.396-2.9 GeV and measure:

m Cross section

Motivation

Neural
Network m R= |GE/GM‘
Consistency

and | Aq) ?

Systematics
izt The Method:

Prospects

m Select events with:

Summary

e Exactly one A candidate
e No A in acceptance.

m Can have three stat. independent samples:

e Only A tagged
e Only A tagged
e Both A and A tagged (Done at 2396 arxiv:1903.00421)

m Improve precision by combining samples
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Data Sample
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Highest statistics points of R-Scan sample:

Motivation

Neural Ecm [GeV] | Integrated Luminosity [pb~]

Network

— 2.3864 22.588 4 0.010 + 0.174
Sreematics 2.396 66.893 -+ 0.017 + 0.462
Checks 2.6444 33.650 + 0.013 + 0.209
2.6464 34.064 4+ 0.013 + 0.276

2.9 105.53 £ 0.025 £+ 0.897

Prospects

Summary

Two points at 2.64 GeV analysed together.
MC samples:

m 50M PHSP at each energy
m 1M ConExc (Angles+ISR) at each energy
m 10M "mDIY" (Angles) at each energy
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Beam Pipe Background
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m A-vertex distribution shows background from beam pipe.
Motivation m Background not described by MC

Nl m Naive solution is a vertex cut (red circle)
Consistency — Risk losing signal. Can one do better?
and

Systematics
Checks

Prospects

y [em]

Summary

(b) Signal MC
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What can we do?
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Motivation

Typical Procedure:
Model background

Neural
Network

Consistency

and H ”
Systematics Find useful patterns " by
Checks eye”
Prospects

However:

Summary

m Background is right there
in the data.

— Not necessary to model it!

— Find patterns with
machine learning
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Artifical Neural Networks
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Hidden
Input

Motivation

Neural OUtpUt

Network

Consistency
and
Systematics
Checks

Prospects

Summary

Hidden layer: H = Wy + E,

Activation Function: f(H) = max(O, H)
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Bayesian Neural Networks
UPPSALA
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How are they different?

N m Approximate posterior distribution of weights given data
T — Weights are distributions, not fixed numbers

Network — Sample from distributions to evaluate model

S Advantages:

JrCERs m Ensemble model. Combats overfitting

S m Can assign uncertainties to predictions

Summary
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. Neural Network: Implementation, Training
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Software: (Originally by project students T. Littau and T. Nordahl)
Motivation

— m TensorFlow with Keras in Python
Network - pyROOT

Consistency

and ni .
Systematics Tralnlng'
Check .
e m Signal represented by ConExc MC sample

Prospects

m Background represented by data.

Summary

Architecture: (see also next slide)

m 8 input features
[Decay Length, LambdaVertexX, LambdaVertexY, LambdaVertexZ, mdcStartpionX, mdcStartpionY,

mdcStartpionZ, mdcStartprotonX, mdcStartprotonY, mdcStartprotonZ ]
m 1 Hidden Layers, 22 neurons

m Output layer, 2 classes
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Network Architecture
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Hidden layer
1x22
L. Input Layer
Motivation 1x10

Neural
Network

Output layer
1x2

Consistency
and
Systematics
Checks

000

Prospects

Summary

[OOOOOOO0O00)

00
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Training the Network
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Label events: '0" for background. '1" for signal

Motivation Create training dataset
Neural Process data in batches of 100. Average 'loss function’
Network
_ over batch
S e Processing one batch = one iteration

Systematics

P e Reading through the whole dataset one time = one epoch

@A Update weights

Prospects

F— When accuracy on validation data converges, apply on full

data set.
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Motivation

Neural
Network

Consistency
and
Systematics
Checks

Prospects

Summary

2019-09-15

Convergence: When is the training done?

f((true Iabels) _— (predicted Iabels))

Acc. — )

Nevents

where

Accuracy vs iterations

0.9

08

0 5000 10000 15000 20000 25000 30000
terations
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Motivation

Neural
Network

Consistency
and
Systematics
Checks

Prospects

Summary

2019-09-15

Applying a Trained Network

Sample model weights from trained distributions
Compute model output

Repeat (1) and (2) a large number of times

@A Average over all samples to get final result

% -

8

14 -
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Output
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m Degree of belief that event belongs to class 1
Motivation m Obtain final sample by cut

Neural — Threshold be optimized on case-by-case basis
Network

Consistency signal like event

and Background like event

Systematics "
10°

Checks

Prospects

Summary

103

log(n)

102

10}

0.0 0.2 0.4 0.6 0.8 1.0
Prediction probability of event being signal
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Decision Cut
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Typical cut optimization plot:

Motivation

Neural
Network

Consistency
and
Systematics
Checks

Prospects

Summary
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Background

Motivation

Neural
Network

y [em]

Consistency
and
Systematics
Checks

Prospects

Summary

(a) Before

2019-09-15
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Effect on my
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Motivation

Neural =700
Network g r
g f
- [
Consistency 600
and g n
Systematics o F
Checks 500— ﬁ
Prospects 400:7
Summary C * * *
300~ P AT
F ﬁ | HNH+ H* *ﬂ
200~ ﬁ%
F . ﬁﬁ* H
- Ht
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C Nﬁ I
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2019-09-15 - 18- Viktor Thorén



Efficiencies
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m Estimated with ConExc MC

Motivation m We select two types of signal events:
Neural e Type1: A— pr—, A — prt
Network ) — A = 0
o Type2: AN — pn—, AN — nrm
Consi . . .
ey m For brevity we identify:
Systematics ° — -
Checks €1 = 6/\~>p7r_,/\~>ﬁ71”r
Prospects ¢ 2= 6/\—>p7'r_,/_\—)ﬁ7'r0
Summary Final efﬁciencies: €1 — 9.8 %, € — 21.8 %

(From Vertex cut: ¢; = 10.5%, e2 = 23.6%)

\ Vertex Cut \ Bayesian Neural Network

Background in sample 34 % 19 %
Signal Efficiency €1 10.5 % 9.8 %
Signal Efficiency e 23.6 % 21.8 %
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Efficiency Correction
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Analyse 50M PHSP events
Motivation Form 1D histogram of correction factors. 1000 bins.
Neural Get factor and correct data event-by-event

Network
Consistency Check: Compare eff. corr. and true MC

Consistency
and

3

Systematics 140X10
Checks L + Efficiency Corrected
Prospects [
130f— MC True
Summary [ + ‘
120;
110 f+
an +§&¢ g
100* +
+w*
SRR ‘*‘M
r RALEN Ty w4
90?
e b b b b b b b b by

-1 -08-06-04-02 0 02 04 06 08 1
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: Input/Output Check

UPPSALA

UNIVERSITET

Fit rec. and corr. 10M MC events generated with
Motivation R=O-g48

. . 2
Neural Fit function: N x (1 + cos?6p + (B°)(1 — cos?6,p))
Network q2 T
Consistency T= 4Ama = 115
and
Systematics
Checks g 1'2:
< £
Prospects 3 15—
o C
Summary 11~ } %
1.05;
: ERE
1= ¢ ’
F ¢
0.95}7”””””””””§7§7§ 77777777777777
= LI Y e ® 6 5 4
0.9
0.85;
N L1 L1 L1 Ll L
05 0.6 0.7 0.8 . 1

Fit Ranae Boundary
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Efficiency Correction: 2.3864
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Motivation

Neural 10 MC Events generated with R = 0.91

9

Network plo
E Eftcency Corected 12
Consistency 275# + % E
and 270 + +Mcm + > 115
Systematics s6sE ¢+ + S S
Checks " - “?
260 &* * 105; %
Prospects 255 . [ E {
; - 1= * 4 [
Summary 250 ‘+ £ 4
E ‘; S o5 t
245~ ® E ¢ [
M .
240F- E
E (N E
235 "’g.)f*;;ga ossE-
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Efficiency Correction: 2.64

UPPSALA
UNIVERSITET

Motivation

Neural 10 MC Events generated with R = 0.58

Network x10°
e S 260 ’:‘ + ficiency Corecied ° s e
and F +-wome o | S B
Systematics 20 ® h o r
Checks [ "o (2 08~
L £ LK)
Prospects 20— g L b b IRRR fiea,, .
L ® ® E ‘., .
Summary 200 ;‘ ‘. web- .
L o E
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Consistency Checks
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Motivation

PHSP correction factors applied to PHSP sample

10° x10°
Neural bt 270220

Consistency

Sitsttommitit ittt

235

Network F i
1000 ﬁw*“ﬁ*““ﬁ*m%*****M#‘ 265, +
and 990— 260)
Systematics E |- cidenycorsass
Checks 980 i 255
Prospects 970 250
Summary 980 245|
240) o
950 +-veme
1 1

ol b b b b b b b b co v b b b b b e b ey
-0.8 -06-04-02 0 02 04 06 08 1 -1 -08-06-04-02 0 02 04 06 08 1
cos (0, ) cos (0, )

2.3864 2.396
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Consistency Checks
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Motivation

PHSP correction factors applied to PHSP sample

Neural x10° 10
Network o3 e
C 1200
Consistency 1200~ 1100;
and L E
Systematics 1100 - erensy o 10001
Check! r £
ecks r +MCWE s00l #nmmwmm
Prospects muo:— s00F- +Mmme
Summary E 700;
900| E
i 600;
809 SO I I I I I I I I
B A A A A A S
-1 -08-06-04-02 0 02 04 06 08 1 -1 -08-06-04-02 0 02 04 06 08 1
cos (0, ) cos (O, )
2.64 29
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Relative Efficiency of NN Cut
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Motivation
Neural E
Network 0.8
Consistency C
and 0.7
Systematics > f
Checks 8 0.6 it
Prospects 9 h
L
Summary =05
w ul
0.4 -
0.3F
N P AN AN AU SN RN AUTAAN PR A
-1 -08 06 -04 -02 0 02 04 06 08 1

cos( 9:\ )
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Check: Effect of Weight Sampling
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Apply network 20 times to the same sample

Motivation
Neural
Network
2 0.186—
Consistency 6 =
and G 0.185[
Systematics E =
Checks 0184
Prospects 0183}
Summary 0.182 4 e
E{FAFAFAFAF —— 1 e L & ——9—
0.181 Ra
0.18}
0.179}+
0.178
0a77Ee Lo L e L e L L L
0 2 4 6 8 10 12 14 16 18 20

Trial Number
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- Future Prospects
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T How can the method evolve?
Neural m Use more information
Network

e Add e.g. "raw” detector output

Consistency

and m Modify architecture

Systematics
Checks e Activation function, loss function, number of nodes, etc.

Prospects

m Constructs new "features”

Summary

e Physics based: e.g. Lorentz Boost Network
arXiv:1812.09722v1 [hep-ex]
o Arbitrary: e.g.
m Use unsupervised algorithms
e Find anomalies: e.g. autoencoders
arXiv:1812.09722v1 [hep-ex]
e |dentify Patterns: e.g. Self-organizing maps
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Summary & Outlook
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Motivation Summary
Neural . . .
Network m BNN improves signal to background ratio over vertex cut
S m Edge effects limit fit range for R-determination
e matics m New systematics arise from BNN method
Prospects o Effect from no. of training iterations, weight sampling is
Summary small
e Impact of decision cut non-negligible
Outlook

m Systematics to be quantified, e.g. due to bias in fit

m Software is straightforward to use and can be applied to
other reactions with minimal modifications

2019-09-15 -29- Viktor Thorén



Backup: Decision Cut
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Motivation o &
© = ©
L @ g
Neural o o b
Network =2 1 g F
o j=
a 2 T
Consistency 9.8 28
and o E
Systematics [
Checks 0.6 0.6l
Prospects [
Summary 0_4; 0.41—
0.2 02
ol L 1 P IR O E TR R BRI
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Cut Cut
True Positive Rate True Negative Rate
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Backup: Decision Cut

UNIVERSITET

Motivation o o F
T S [
o | x [
Neural e T 0.6~
Network 2 L g r
S S F
['8 F [ .
Consistency .81 2051
and e r 2t
Systematics [ u_o L
Checks 0.6 r
Prospects 03l
Summary 0.4 C
0.2
RIS
L | | | | |
. ¥ oy Y
Cut Cut
False Positive Rate False Negative Rate
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Backup: Decision Cut
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Motivation

Neural
Network

N
o

Consistency
and
Systematics
Checks

N
=]

True Positive / False Positive

iy
(3

Prospects

Summary

True Positive rate/False Positive rate
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Backup: Cut Flow (2.3864)
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Motivation

Neural
Network

Consistency

g;:tematics
Checks Cut | Signal Remaining Ch. 1 [%] | Signal Remaining Ch 2. [9
Prospects Decay Length 15.79 £+ 0.04 32.89+0.04
F—— Momentum window 13.73 £0.03 20.09 + 0.03
Inv. Mass window 12.75 £ 0.03 27.10 +0.03
NN. Prediction > 0.95 | 7.81 +0.03 19.96 + 0.03
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Backup:Cut Flow (2.64)
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Motivation

Neural
Network

Consistency

g;:tematics
Checks Cut | Signal Remaining Ch. 1 [%] | Signal Remaining Ch 2. [9
Prospects Decay Length 11.38 £ 0.04 22.7 £0.04
F—— Momentum window 10.62 £0.03 21.45 + 0.03
Inv. Mass window 9.83 £0.03 19.94 +0.03
NN. Prediction > 0.95 | 4.20 £+ 0.03 12.58 + 0.03
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Backup:Cut Flow (2.9)
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Motivation

Neural
Network

Consistency

g;:tematics
Checks Cut | Signal Remaining Ch. 1 [%] | Signal Remaining Ch 2. [9
Prospects Decay Length 10.00 £ 0.03 18.78 = 0.04
F—— Momentum window 9.33£0.03 17.71 +0.04
Inv. Mass window 8.67 +0.03 16.52 4+ 0.04
NN. Prediction > 0.71 | 5.79 £+ 0.02 14.74 + 0.04
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Backup: All Efficiencies
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Motivation

Neural
Network

Y Energy [GeV] [ 1 [%] | €2 [%]
- i 2.3864 7.814+0.03 | 19.96 + 0.03
e 2.396 9.8+0.03 | 21.8+0.04

S— 2.64 424003 | 12.5840.03

29 579+ 0.02 | 14.74£0.04
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. . 10
Motivation
bdaDecayLength 0.00065 0.034 -7.9e-05 0015 0,012 0.0096
Neural
Network LambdaVertex.fX 0.071 0026
08
Consistenc:
y LambdaVertex.fr 0 0,058 0.00029 0.0068
and
Systematics
3 K 0.054 - X X
CheCkS LambdaVertex.fZ 0.0031 0.0026 06
Prospects NTrack_X_proton -0.038
Summary
NTrack_Y_proton 0.058 X -04
NTrack_Z_proton 0.0058 0.00029 -0.0066 . 0.0078 0.00054
-02
NTrack_X_pion 00068 00031 -0.097 0018 -0.0026
NTrack_Y_pion & -0.012 . 0.028 -0.08 0.00054 -0.0026
0.0

NTrack_Z_pion 2.2e05 0052 00028

lavertex.fy
lavertex.fZ

£ S
%

H 3
S 5
7 >
2 ]

i X_proton
K_Y_proton
«_Z_proton
ack X_pion
ack_Y_pion
ack_Z_pion
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. . 10
Motivation
bdaDecayLength 00016 00029 0. .02 0.0043 0.0089
Neural
Network LambdaVertex.fX . 0.19 | 0055 00027 0.0072 0.057 -0.0015 s
Consistency
LambdaVertex.fr 0.003 0.0085
and
Systematics
Checks Lambdavertex.fz 4 o\ 9e-05 -0.00037 0.0031 2.5e-05 06
Prospects NTrack_X_proton 4 1 0.0058 -9e-05
-04
Summary
NTrack_Y_proton 0.0027 0,047 -0.00037 0.024
NTrack_Z_proton 0.0072 -0.003 0.0031 -0.055
-02
NTrack_X_pion - A 0.0085 2.5e-05
LCH AL -0.0062 -0.0015 0.049  4e-05 0.033 -0.028 0.0

NTrack_z_pion {1 0.0028 0.003

o
o
QR

favertex.fr
lavertex.fZ
i X_proton
«_Z_proton -
ack_Y_pion

ack_Z_pion

<
S
2
x
]

K_Y_proton

cayLength
favertex.fx
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Backup: Comparison with Vertex Cut
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Motivation

Neural
Network

Consistency Comparable Efficiencies:
and

Systematic me; = 10.5%, e2 = 23.6% from Vertex cut
— me; = 10.%, e = 23.6% from Vertex cut
Summary But lowered background:

m 34 % After vertex cut

m 20 % After NN
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