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Outline

» ATLAS Trigger system;
» Selection algorithms;
» Ringer approach:
» Ringer algorithm;
»Neural Network;
» Ringer hypothesis;
» Implementation in details;
» Ringer operation for the trigger;
»Summary and ongoing for 2016.



The e/y trigger goal:

= Maximize the efficiency of the channel
e/y : Electrons and Photons detection;
= Reduce the fake rates of the trigger;

Three types of algorithms can be used in
the electron and photon identification:
» Cut-based (used in the fast

preselection);
> Likelihood:;
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» Ringer (proposed by this work).
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The e/y trigger goal:

= Maximize the efficiency of the channel
e/y : Electrons and Photons detection;

= Reduce the fake rates of the trigger;

Three types of algorithms can be used in
the electron and photon identification:
» Cut-based (used in the fast

preselection);
» Likelihood;
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Calorimeter

Other

Electron Identification

CutID Ringer
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Electron Identification

CutID
Likelihood
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If Electron
Pure tracking features
+
Combined Tracking & Calorimeter features
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Cut-based
* Applies linear cuts over
the over shower shape

Classifiers

Ringer
Applies Neural Networks
fed with rings.

Likelihood

* Applies Naive Bayes like .

approach over shower
shape




Calorimeter Ring concept

Build using all calorimeter
Algorithm skept: layers, centered in a
Tracking Electromagnetic Calorimeter Hadronic Calorimeter WindOW (0-4 X 0-4 in r] X ¢)
 —— at the hottest cell of each
2 e layer;
EM1 W\ M3 EHADl i HADZH HAD3§ Hottest Ce”: ﬁrSt
Ll “ring” (on each layer);
Next ring: collection of

cells around the previous
one;

The ring “value” is the
sum of the E; of all cells
composing the ring;
Provides input data
reduction for the neural
processing (w.r.t using all
cells);

Keeps the physics
interpretation (typical EM
PS EM1 EM2 EM3 HAD1 HAD2 HAD3 object shower shape).
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PreSa Ner

Total number of Rings per layer
(covering 0.4 x 0.4 region in n x )




The ring energy profile
describes the shower shape
of the particle interaction

layers.

throughout all calorimeterj
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Trigger menu
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~100 different e/y
configurations
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Fast decision and more discrimination
power than simple linear cuts as !
applied on the preselection N
calorimetry step standard algorithm.

Trigger menu Trigger Ringer preselection decision
~100 different e/y
configurations W Classifier Acce pt?

The Ringer Chain
Configuration
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Fast Calorimeter Efficient calorimeter preselection

Reconstruction

Normalization

(Norm1)

Ac(

ept?

i
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Anel

Artificial
Neural » )
Network L .

Input layer Hidden layer Output layer
|

. X Threshold
Neura! RING®

A standard feed forward neural network is used for the
particle identification task;

Normalized ring information (norm-1 of the rings
energy in all calorimeter layers) is fed into the input
nodes of the neural network;

The network output is compared to a threshold for final

decision;

Cross-Validation: used to evaluate the statistical
fluctuations from the dataset.

Network topology determination (number of neurons
in the hidden layer): see backup slides.




Performance Indexes

Signal efficiency or Detection

= » N, = Number of candidates on Zee, which
Probability:

N passed offline Likelihood tight (aims at
PD((y _ lle|e 100(7 assessing sample with high purity).
O) = X 0

Ne » N, = Number of candidates on background,
not labeled as isolated electron by truth (Z

Background Efficiency or Fake Rate

mother, W mother...).
Probability:

» N = Number of trigger events classified as

N, lect iven that th ted as N
e|b electrons, given that they are counted as N..
FR(%) — N x 100% » N, = Number of trigger events classified as
b electrons, given that they are counted N,.
b

Tag and Probe (T&P): is a method to measure signal efficiency. Z>ee
events with one electron passing default trigger and second (probe)

reconstructed electron by offline are selected and used to check if probe
electron has also passed trigger.
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Benchmark chain
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Trigger steps
in details

Calorimetry
pre-selection step.



Benchmark chain
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Efficiencies are
shown for this step
w.r.t offline.
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Benchmark chain Ringer chain

— Ringer binned
) Neural
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Benchmark chain
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Ringer chain

Accept?

[0, 30, 50, oo

* 4 bins of n (pseudorapidity) region:

[0,0.8,1.37, 1.54, 2.5]
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Trigger Efficiency

Trigger Efficiency
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Medium (P,)

T&P efficiency

T&P PD% FR%
Ringer 97.78 5.37
L2Calo 97.66 12.73




Trigger Efficiency

Trigger Efficiency

1_2||||

This gain in the fake rate means a
reduction of a factor of ~¥2 in the
trigger rate due to the high
background/signal cross-section

ratio.
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Summary and ongoing work y

Implemented Trigger Hypothesis algorithm:

— Hypothesis verification in bins and candidate E; for
more stable performance;

Superior performance as compared to cut-based
algorithm:

— Factor of ~2 reduction of the fake rate.
Implementation and studies on complete trigger
chains in progress;

A complete Ringer Offline version was
implemented and its analysis is on-going.
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o Train Method
~_

Cross Validation (k-fold): 50 sorts using dataset
uniformly spread within 10 subsets, usually
Dataset 40% Train | referred to as boxes. Here, in the particular
case: 60% for training phase (model

~ development) and 40% for test. (statistical

fluctuations estimation)

60% Train

("\’ e o o o Box
Box 1 Box 2 Box CDO 10

(&f)/ e o o o Box
Box 1 Box 2 Box CDO 10

(&69 A

Box 1 Box 2 Box 3 CDO 10




o -
) : : Init
Sortl: | Init1l Init 2 Init 3 100
N -~
Sort2: | Initl Init 2 Init 3 ° o
"
Sort3: | Initl Init 2 Init 3 R
. . \
. . . c,‘a
o
Sort 507 Init 1 Init 2

The full dataset is propagated to
choose the ones that achieved best

outputs.

Selection Method

"
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Selected Net

Selected Net

Selected Net

(set by (set by
T2Calo FR) RSP T2Calo PD)
Selected Selected Net

(set by
T2Calo PD)

Selected Net

(max SP)

Selected Net
(set by
T2Calo PD)

Selected Net

Selected Net

Selected Net

(set by (set by
T2Calo FR) VRS T2Calo PD)
Best Net Best Net Best Net

(set by (max SP) (set by
T2Calo FR) T2Calo PD)
Medium (FR) veryMedium Medium (PD)




Ringer operating points: Et ( G eV) s 3

“same” Benchmark P,

“same” Benchmark FR

Benchmark: L2Calo@e24 |hmedium L1EM20VH

letal < 0.8 0. _ _.37
PD (%) FR (%) PD (%) FR (%)
4.4+-0.3 4.6+-0.2
97.0+-0.1 57 9% 96.9+-0.1 $53 20
99.5-0.1 99.7+-0.1
A 4 8.6+-0.1 A 8 9.8+-0.1
‘ 97.1 8.6 ' 96.9 9.8
1.37< |eta]| <=1.54 1.54 < |eta| <= 2.5
PD (%) FR (%) PD (%) FR (%)
6.2+-1.2 10.9+-0.6
90.7+-0.0 $86.6% 95.1+-0.1 $38.0%
99.7+-0.2 A 99.2+-0.1 B
AN9.1 N1
90.7 46.5 95.1 17.6

Benchmark

24



Ringer operating points:
“same” Benchmark P,

“same” Benchmark FR

Et(GeV) < 30

Benchmark: L2Calo@e24 |hmedium L1EM20VH

0.8< |eta| <=1.37

|eta] <0.8
PD (%) FR (%)
4.4+-0.3
97.0+-0.1 o oo
99.5-0.1
2.4 8.6+-0.1
97.1 8.6

PD (%) FR (%)
4.6+-0.2
96.9+-0.1 Y5309
99.7+-0.1
A28 9.8+-0.1
96.9 9.8

1.37 < |eta| <=1.54

1.54 < |eta| <= 2.5

PD (%) FR (%)
6.2+-1.2
90.7+-0.0 $/26.6%
99.7+-0.2
A\9.1 46.4+-0.2
90.7 46.5

PD (%) FR (%)
10.9+-0.6
95.1+-0.1 $38.0%
99.2+-0.1
A1 17.6+-0.0

95.1 17.6




Ringer operating points:
“same” Benchmark P,

“same” Benchmark FR

30<Et(GeV)<50

Benchmark: L2Calo@e24 |hmedium L1EM20VH

0.8< |eta| <=1.37

|leta| <0.8
PD (%) FR (%)
5.5+-0.7
99.0+-0.1 Toa 2%
99.9+-0.0
0.9 11.9+-0.1
99.0 11.9

PD (%) FR (%)
6.3+-0.9
99.1+-0.1 $47.5%
99.9+-0.0
ANO.7 12.0+-0.1
99.2 11.9

1.37 < |eta] <=1.54

1.54 < |eta| <= 2.5

PD (%) FR (%)
9.5+-2.1
95.9+-0.1 $31.7%
99.9+-0.1
A4.0 50.9+-0.2

95.9 50.9

PD (%) FR (%)
11.2+-0.9
97.5+-0.1 Vo1 1%
99.9+-0.1 55 04.0.1
2.3
97.6 22.8




Ringer operating points:
“same” Benchmark P,

“same” Benchmark FR

50<Et(GeV)<eo

Benchmark: L2Calo@e24 |hmedium L1EM20VH

0.8< |eta| <=1.37

|eta| <0.8
PD (%) FR (%)
2.0+-0.4
99.4+-0.1 $72.4%
99.9+-0.1
ANO.5 7.4+-0.1
994 7.4

PD (%) FR (%)
5.2+-1.0
99.7+-0.1 $53.8%
99.9+-0.1
ANO.2 11.3+-0.1
99.7 11.3

1.37 < |eta| <=1.54

1.54 < |eta| <= 2.5

PD (%) FR (%)
2.7+-1.9
99.9+-0.1 44.3+-0.6
AN3.2

96.7 44.6

PD (%) FR (%)
4.7+-0.9
99.9+-0.1 14.2+-0.1
A5
98.5 14.1




