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2-Class Preliminary Results

 MC sample: 9 million training and 1 million testing electrons
* Neural network: = 400 000 training parameters

Test sample ROC curve: Separation of test sample
class 0O (sig) vs class 1 (bkg) distributions after training
— Signal vs Bkg . 1 Signal
o (65.4%, 431)—LLH tight 5]
o (76.4%, 227)~LLH medium Background
_ e (85.1%, 111)~LLH loose =
> 0
2 5o 4867 R 4
QL —
= S
g 4000 4 330_
5 S
O 3 Z
E 8 20
g. E
| z,
: : 90 100 0 y y y y y y y y y J

Signal Efficiency (%) Signal Probability (%)

ACCURACY:
——————————— e
TEST(%) | ACC.(%) |

——————————— Fommmmm e
36.72 | 96.34 |
63.28 | 98.39 |
——————————— s - 2




2-Class Preliminary Results with 1st EM Layer

* Trainings with only 15t EM layer show that more information
can be learned from NN with a finer resolution (i.e. 56x11)

Test sample ROC curve Test sample ROC curve
(EM 15t layer 7x11) (EM 15t layer 56x11)

— Signal vs Fake+Bkg
+ Best Accuracy: 92.58%
e (65.3%, 459) = LLH tight
e (76.2%, 235) - LLH medium
e (84.9%, 112) = LLH loose

— Signal vs Fake+Bkg
¢ Best Accuracy: 91.41%
e (65.3%, 459) - LLH tight
e (76.2%, 235) - LLH medium
e (84.9%, 112)- LLH loose
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* MC sample: 5m electrons (4.5m for training, 0.5m for testing)
* Neural network: = 400 000 training parameters



5-Class Preliminary Results

» Classes definitions:

truthIFF== 9: truthTypeMod=3
truthIFF==10: truthTypeMod=2

CHadronDecay

truthIFF== @: truthTypeMod=4 # Unknown
truthIFF== 1: truthTypeMod=2 # KnownUnknown
truthIFF== 2: truthTypeMod=0 # IsoElectron
truthIFF== 3: truthTypeMod=1 # ChargeFlipIsoElectron
truthIFF== 4: truthTypeMod=4 # PromptMuon
truthIFF== 5: truthTypeMod=4 # PromptPhotonConversior
truthIFF== 6: truthTypeMod=4 # ElectronFromMuon
truthIFF== 7: truthTypeMod=3 # TauDecay
truthIFF== 8: truthTypeMod=3 # BHadronDecay

9 #

#

LightFlavorDecay

 MC sample: 10m electrons (9m for training, 1m for testing)
* Neural network: = 400 000 training parameters
« Confusion matrix after training:
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5-Class Preliminary Results

Test sample ROC curve
(class O vs class 1)

Signal vs Bkg

(70.9%, 10) = LLH tight
(82.5%, 5) = LLH medium
(91.0%, 3) = LLH loose
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Test sample ROC curve
(class O vs class 2)

Signal vs Bkg

(70.9%, 929) = LLH tight
(82.5%, 422) = LLH medium
(91.0%, 153) = LLH loose
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5-Class Preliminary Results

Test sample ROC curve

(class 0 vs class 3)

— Signal vs Bkg

(70.9%, 3) = LLH tight
(82.5%, 2) = LLH medium
(91.0%, 2) = LLH loose
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Test sample ROC curve

(class O vs class 4)

Signal vs Bkg

(70.9%, 44) - LLH tight
(82.5%, 26) —» LLH medium
(91.0%, 7) = LLH loose
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Backup Material



Preliminary NN Architecture

« Multichannel CNN with calorimeter images + tracks and scalars information

» The 7-image sets are concatenated in volume images (7-channel images)

» Tracks and scalars concatenated in the FC layer
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Electron Data from ATLAS Detector

Available MC data for each electron

* 4 images from pre-sampler and EM calorimeter (56 x 11 in 1| x ¢ space)
* 3 images from hadronic calorimeter (7 x 11inn x ¢ space)

* Up to 15 track candidates with (e_frac, d_eta, d_phi, d_0) information
* Scalars information such as Py, ¢, dy, shower variables, LLH inputs, etc.

) hadronic calorimeter
third layer
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Signal Probability Distributions
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