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State of the art

CREs spectra

FERMI 2017
AMS 2019
CALET 2018
DAMPE 2017
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Energy fit range Power Law
[GeV] Index

FERMI
 (Abdollahi et al. 2017) 50 - 2000 3.07 +0.02

AMS - -
(Aguilar et al. 2019) 56 - 1400 3.180 + 0.008

CALET 55 - 2630 -3.17 + 0.02
(Adriani et al. 2018)

DAMPE 55 - 900 -3.09 + 0.01
(Ambrosi et al. 2017)
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Analysis outline

Objective: Discriminate between electrons and background (mainly protons)

o Prlmary protons 5 o Primary electrons ; 105
AMSO1 (Aguitar-et a. 2002) """"" AMSOt-(Aguilar e&al 2002) - =
Pamela (Adriani et al. 2011) Pamela (Adriani et al. 2011)

: 4
ATIC-2.(Panav.et al..2006)......... Fermi.LAT (Abdo.t al.2010).. .5 10
GREAM (Yoon et al. 2011) H.E.S.S. (Aharonian etal. 2008) 3
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Integral rate of particles crossing the LAT (Hz)
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° Gamma-ray extragalachc diffuse
Fermi LAT (Abdo et al. 2010)

10 10° 10°
Rigidity (GV) or Energy (GeV)
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2017 Analysis

Selection of Boosted Decision

T | Fitti RE t
variables Trees (BDT) emplate Fitting m CRE Spectrum

A subset of variables is needed:
highlight the differences between electrons and protons events

Average Time over Threshold for the hits RMS of transverse position measurements in the cluster
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Tkr1ToTTrave Cal1TransRms
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2017 Analysis

Selection of Boosted Decision

T | Fitti RE t
variables Trees (BDT) emplate Fitting m CRE Spectrum

They are trained to assign to particles a variable p: ranging from -1
(indicating protons-like events) to 1 (indicating electrons-like events).
Log(1-p) is calculated, to highlight the region where electrons and protons
overlap.
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2017 Analysis

Selection of Boosted Decision

Template Fitti RE
variables Trees (BDT) emplate Fitting  m CRE Spectrum
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EMC sum , | : |
— —e— Fllghtdata‘""""‘; “““““““ T B B

Electron Classifier Output 6
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2017 Analysis

Boosted Decision
Trees (BDT)

Selection of

Template Fitting Jeamdl CRE Spectrum

variables

CREs spectra

FERMI 2017

AMS 2019

CALET 2018
+ DAMPE 2017
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E3. Intensity [m?s~'sriGev?]

Energy fit range
[GeV]

Power Law
Index

FERMI
1| (Abdoliahi et al. 2017)

AMS
(Aguilar et al. 2019)

CALET
(Adriani et al. 2018)

DAMPE
(Ambrosi et al. 2017)

50 - 2000

56 - 1400

56 - 2630

55 - 900

-3.07 + 0.02

-3.180 + 0.008

-3.17 £ 0.02

-3.09 + 0.01
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IVC Corrections
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56<E<100 GeV
Data before VC
=t Data after IVC
MC electron
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Need to correct the MC-data agreement ra— s
with the IVC corrections: introduction of a 100 fahOWar ranavene si2e (mmj

systematic which is difficult to quantify
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Neural Networks

Possible improvements:
Detect and handle non-linear relations among variables
Overcome overfitting by some regularizing steps

Less dependency on MC-data agreement, as no cut is applied to variables

N\

Neural Networks Eemmdll Template Fitting [ammd CRE Spectrum

Selection of
variables
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Neural Networks

Selection of

, Neural Networks Template Fitting gmmd CRE Spectrum
variables

Ensamble of shallow Neural Networks used for assigning the variable p

Input layer:
15 nodes

Optimizer: ASGD
Loss Function: MSE

Hidden layer:
8 nodes

)‘) J')I_‘);) YYY VYT |

Output node
I'1 11 ]

voveegpPddd

Activation Function:
Tanh
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Recanstructed Energy. e

Arrival Direction Activation Function: ,I O
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Unsupervised Learning

Possible improvement:
Full independence from MC, uncertainties could be reduced

Complication:
Difficulties in dealing with very different sizes of populations: proton background is dominant wrt
electron signal

Selection of variables e Dimensionality Reduction Clustering
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Unsupervised Learning

Selection of variables . [Dimensionality Reduction Clustering

Selected algorithm:
Locally Linear Embedding (LLE)

Why dimensionality reduction?
- Clustering algorithms usually perform better
with low dimensions
Possibility of introducing an evaluation of
uncertainty
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Unsupervised Learning

Selection of variables s [Dimensionality Reduction Clustering

Selected algorithm:
Hierarchical Clustering
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Unsupervised Learning

Example of the unsupervised learning results on LAT data

Cluster #1 (electrons) Protons

@ Cluster #2 (protons)
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Conclusions

- We developed two new Machine Learning analyses for computing the CRE spectrum with Fermi LAT
data.

- We conducted a Supervised Learning analysis using Neural Networks. We are running tests to confirm
the definitive spectrum.

- We found some promising results using Unsupervised Learning techniques, which were never applied
before to Fermi LAT data.

Thank you for the attention

&
Stay tuned!
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P log(1-p)

I electrons ] o electrons
protons protons

-1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 . . . -1.5 -1.0
P log1l0(1-p)




NN details

Input layer o .
18 nodes { “Ensemble learning” method }
EvtJointEnergy . g

Tkr1ZDir

Hidden layer Training of multiple models to get a solid prediction

8 nodes

Cal1CoreEneFrac

Cal1TransRms

Yo,

CalLRmsAsym 0.
(V4 7

Tkr1CoreHC/max(1,Tkr1Hits) proton-like electron-like

( Output node > Output, € [—1;1]
[-1;1]

> Output, € [—1;1]

CalMaxXtalRatio
CalTrkXtalRmsETrunc

CalTrkXtalRmsE
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CaliLongRmsAsym

CalTrSizeCal2T100

CalTrSizeCalT100

Activation function
Tanh

CalTrSizeCalTL100

CalTrSizeTkrT100

CalTrSizeTkrTL100

EvtECalTransRms

Tkr1ToTTrAve > OUtPUtIO € [_1; 1]
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Activation function
RelLU

CalNewCfpSelChiSq




Selection cut

[70 78] GeV [748 870] GeV
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Rate [HZz]

- MC r/w p(x1 077)
——— MC sum |
— thht data

logIO(l —P mean)




Uncertainties

Uncertainty on the acceptance

Statistical uncertainty Uncertainty on the contamination

Ostat O-eff Ocont

— 2 2 2
O1o1 = \/O-stat + O-eff + Ocont

Inclusive spectrum of cosmic electrons obtained with ensamble learning technique with neural networks
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Dimensionality reduction

ls there an optimal dimension?

e Electron fraction
e Qutliers
0 values
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