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E*’F(E) [GeV"* m? 51 sr-1]

Ultra High-Energy Cosmic Rays (UHECR)
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Where?

Astrophysical sources of UHECR

How?

Acceleration mechanisms
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Hybrid Showers

Xground ~ 1200 g/cm2
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<Xnax>

Different models, which

one to use?
(Not in this talk, but interesting problem)

(Lipari: 2012.06861)
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Auger data seems to indicate heavier primaries at higher energies



What has been done

Fit X, distribution with mixture
(p, He, N, Fe)

Bin and count

(Arsene, Sima: 2001.02667)
(Auger Coll.: 1409.5083)
(Lipari: 2012.06861)

p~ 65%, N ~ 35%

entries

600

=

+ Auger data

p, EPOS-LHC
N, EPOS-LHC

B re eros-LHC

— p+N+Fe

p-value = 0.22

800

1000 1200
Xmax [0/CM?]



What we propose

26
w = (wp, WHe, -+ -y WFe) > wy=1 25 free parameters
Decompose distribution in moments »  Unbinned likelihood

Faster computation with Nested Sampling



L

Problem 1is reduced to fit vector of moments

Data Simulations

(2, w) :Nn(z | ,&,f]) XNn(z | ,uw,Zw)
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EPOS

E/EeV € [0.6,1]

E/EeV € [1,2]

E/EeV € [2,5]

O 11 13 15 17 19 21 23 25

Zy

Full (cumulative) composition - EPOS

Fraction of elements heavier than Z

Can exclude 100% proton
compositions

Results are unchanged increasing
the number of features

N.B.: publicly available data 1s
very limited (few hundreds of
events)



Including ground data

Hybrid

\Liy Yi ) i=1,....N i How much information 1s added?

. Cov(x, | .
Correlation p(x,y) = J(x)(g(zg Assumption:

the underlying distribution of events
1s the same for both sets
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Fraction

EPOS, E/EeV € (0.65, 5) P

Including ground data
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Including ground data

Projecting for larger datasets (but still a small fraction of the full)
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We build a simple framework for inference of UHECR mass composition

Summary

n = 3 moments are good discriminating features

Limited by very low statistics

Many 1deas for improvements
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Backup slides
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Extensive Air Showers (EAS)
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Cherenkov detectors



Interlude: Bayesian inference

X =ux1,...,x, data sample 0 parameters, x ~ p(x|0)

Lelihood Prior distribution

C PXOPE)  LOIX)P0)
P(01X) = PX)  — JLOIX)P(6)do

Posterior distribution Evidence

Maximum Likelihood Estimate (MLE): select 6 that maxime L

Maximum a Posteriori Estimation (MPE) for Bayesian people
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Interlude: Bayesian inference

X =ux1,...,x, data sample 0 parameters, x ~ p(x|0)
X = X ax 0 =w = (Wp, WHe, - - -, WFe) »_; w; =1

L(0|X) from simulations

Lelihood Prior distribution

C PXOP®)  LOIX)P0)
P(01X) = PX)  — JLOIX)P(6)do

Posterior distribution Evidence

Maximum Likelihood Estimate (MLE): select 6 that maxime L

Maximum a Posteriori Estimation (MPE) for Bayesian people
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Interlude: Bayesian inference

X =ux1,...,x, data sample 0 parameters, x ~ p(x|0)

X = X ax 0 =w = (Wp, WHe, - - -, WFe) »_; w; =1

Lelihood Prior distribution

C PXOP®)  LOIX)P0)
P(01X) = PX)  — JLOIX)P(6)do

Posterior distribution Evidence

Maximum Likelihood Estimate (MLE): select 6 that maxime L

Maximum a Posteriori Estimation (MPE) for Bayesian people
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W (g cm™)

(Lipari: 2012.06861)

_ 2 2\ 1/2
W = (<Xma,x> o <Xmax> )
*s
Simulations perfomed with
¢ ¢ CORSIKA
40 I + + + + - (https://www.iap.kit.edu/corsika/)
- Fe + —i -+ !
o -
® Auger 2019
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Single or two-element mixture cannot reproduce the data

(depending on the model...)

20



(Pierog et al: 1306.0121)

a.u.

(Riehn et al: 1709.07227)

0.017

0.011

The results will be model-dependent

|1, 2] EeV

EPOS-LHC

Sibyll 2.3¢

QGSJetl-04
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(Ostapchenko: 0706.3784)

—— Auger Data

(Ostapchenko: 1010.1869)



Data

Pierre Auger Open Data 2021

o ~ 10% of total data

e 1602 hybrid showers in E € [0.6,60] EeV PA“g (XmaX‘E )

e Split in three bins: E € [0.6,1], [1,2], [2,5] EeV

e ~ 500 events per bin
Simulations with CORSIKA

e 4 hadronic models

e 26 primaries from p to F'e
Psim(Xmax‘Za E)

e 2000 shower per element /bin/model

Convolute all with detector effects : :
(Auger Coll.: 1409.5083) e 624000 simulations

Bonus achievement: get complaints from both IJS and CERN clusters

22



Probability Distribution Function (PDF)

Each data/simulation point is given as (Xmax, 0 Xmax)

Data

PAug( maX‘E ZN max | Xmax75XrJnaX)

Simulations

Set of inputs Detector effects

~

P (X | S = (B, 2. HY) = Z / AX N (X | X 6K ) % R X~ X) e(X)

max
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Moments

(X max) Z

_ fP(XmaX | Z) er';/lax deax

Imax

J P(Xmax | Z) dXmax

(X pax) (W) = ZZ<XI?1ax>Z Wz

max

Dy Wz

All systematic uncertainties are included

Bootstrapping
original sample @ @ @0 @

st sample : 00 O * (Xmax)

2nd sample

. . » <Xmax>2

10°th sample : 8 O

> <Xmax> 10°

24

Include statistical uncertainties
(data and simulation)
by Bootstrapping



p, EPOS, [1,2] EeV

3 — Systematic
— Statistics
Simulations
746‘ | ‘748‘ | ‘730‘ | ‘732‘ | ‘754‘ | ‘736‘ | ‘758‘
2 2w) ~ No (2 | pw), B(w))
z1 (g/cm?)
p, EPOS, [1, 2] EeV Data

21(p) 22(p) 5o N, (z | i, f])

........................................ — Bootstrap
748 750 752 754 756 3400 3600 3800 4000 4200
— Normal
z3(p) X 1072 z4(p) x 1077
14 16 1.8 2. 22 24 45 5. 55 6. 65 7.
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a.u.
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p, EPOS, [1,2] EeV

— Systematic
— Statistics
746‘ | ‘748‘ | ‘750‘ | ‘752‘ | ‘754‘ | ‘756‘ | ‘758‘
z1 (g/em?)
[1,2] EeV
— EPOS-LHC pess QGSJetll-04
— P
——— He
N
___ﬁg ________
_l_l
— —— Fe
Sybill QGSJet01
----- Auger

0.4
0.2+

2(w) ~ N (2 | p(w), Bw))

Data

zZ~ N, (z | ﬁ,i)

Higher moments are strongly
correlated



(X7

Imax

)7

Mome

nts

_ fP(XmaX | Z) er';/lax deax
[ P(Xmax | Z) dXnax

(X pax) (W) = ZZ<XI?1ax>Z Wz

max

Dy Wz

All systematic uncertainties are included

p, EPOS, [1, 2] EeV

z1(p)

748 750 752 754 756
z3(p) X 107>

1.4 1.6 1.8 2 2.2

22(p)

‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘

— Bootstrap

3400 3600 3800 4000 4200

24(p) X 1077

— Normal

Include statistical uncertainties
(data and simulation)
by Bootstrapping

2(w) ~ Nz | p(w), Z(w))

Data

zZ~ N, (z | /],f])



Nested Sampling
Evidence 7 = / £(w) Dir(w) dPw = / LX) dX

e at step k = 1, sample Ny, points (compositions)
e select wy; with lowest likelihood Lq; w; is a dead point

e at step k > 1, sample a new live point w from prior, with constraint
E(w) > Lk—l

Can be estimated with Beta

e I'ind the dead point wy, with likelihood Ly distributions

e calculate volume of prior region with Lj_; < Lg

e calculate evidence shift 04, = L0 X%

Output is a set of wy with weights up = 62, /Z

CL(Lo) = > uk

(wr,ug) | L(w)>Lo
28



Nested Sampling
Evidence 7 = / £(w) Dir(w) dPw = / LX) dX

e at step k = 1, sample Ny, points (compositions)

e sclect wy; with lowest likelihq o
|

= _——— _ - _

e at step £k > 1, sample a ng 0
L(w) > L1 | 0.8 -
e Find the dead point w;, wit I 06-
| =
| ©
e calculate volume of prior reg 0.4 1
e calculate evidence shift 07 z 021 —— Ny =400 \
] L 7T Nie = 1200
Output is a set of wy with weightd - - - . .
| 25 —24 23 —22 21  —20
| log(£)

CL(Lo)

T(wruk) | L{w)>Lo
29




Full likelihood form

D -\ "3 1
L = (2m) 2 det (Zw + Z) exp {— -

1
2

30
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4 primary mixture

Projections of 4D log-likelihood

1.0

o oo® Oo‘“o.ovoo“ o

of 2%° O
“oo Q'oﬁﬂo oo?oo

(CL)

NS allows to efficiently sample the likelihood and find the Confidence Levels

31



Binned, EPOS, log, E € [17.9, 18.0]

4 primary mixture

Unbinned, EPOS, log,,E € [17.9, 18.0]

1.0 LOp
0.8 0.8
0.6
S
0.4]
0.2f o2t | | e
0.0- ' ' 0.0_ .
p He N Fe p He Fe

Consistent with results from 2001.02667

Results are unchanged increasing
the number of features

32
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EPOS EPOS EPOS
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Zo

Zo

JJ
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EPOS and Sibyll (LHC-
based) exclude 100%
proton and can give
bounds on heavy elements

QGS models are
consistent with 100%
proton composition



SD to FD

Build a map from Surface Detector data to Fluorescent Detector data (X ax)

(Auger Coll.: 2101.02946)

1000+
g 9001 N
(&
50 -
\
-
=800
:
< p=-296g cm 2
- o = 38.8 gcm 2
700 corr = (.632
samples = 3109

700 800 900 1000
X DN co

34

Train Deep Neural Network (DNN)
on simulated data

I/ Shows strong correlations

== As good as simulations (ground
data sims are ~wrong)

o Trained with 4 primaries

X  We do not have access to this
DNN



SD to FD

Build a map from Surface Detector data to Fluorescent Detector data (X ax)

(Auger Coll.: 1710.07249)

Build simple observable that

1100 correlates with FD
I l I l l
e 1500 m array
St B . | — Weaker correlation and large
uncertainties
900|- .
(\IIE O . . o
S 00| . Some quantities are given fits
z
=
" 700 1 |
We can reproduce and use this
600 .
500 Correlation = 0.46 | v We can (try to) improve on this
| l | | l | |
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