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Overview

Measurements

Explicit UHECR sources currently Pierre Auger Observatory
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Goal

Constrain source model
parameters with posterior

distributions
— uncertainties, correlations
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Combined fit of energy spectrum and X

. distributions

— what can we learn about the sources of UHECRS from our measurements?

Measurements

Detected energy spectrum & shower maximum
distribution contain imprints from the source emission

A. Aab et al JCAP04(2017)038
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power—law energy spectrum with maximum rigidity:
(E ) X E f(‘:ut(E o Z * RCllt) Emax — Rcut 24

an

free parameters of source emission:

» spectral index y, highest rigidity R, relative
elemental contribution
| injected =

energy
T0-2  Spectrum

18.5 19.0 19.5 20.0 20.5
logyo( Einj/eV)

— simulate propagation with CRPropa 3


https://iopscience.iop.org/article/10.1088/1475-7516/2017/04/038

CRPropa database

PP 1d CRPropa 3 S|mulat|ons W|th 104 CRS oer bm
Bl 2 mass bins: 5 (H, He, N, Si, Fe)

% distance bins: d/Mpc =1 — 5670 (z.... ~ 2)in 118 logarithmic bins

max
»energy bins: log(E;,/ eV) = 18 — 21 with width log,(&;,;/eV) = 0.02
SEane considered interactions
'f » nuclear decay
» electron pair production
»  photopion production with CMB & EBL (Gilmore model)

»  photodisintegration

j jl binning at detection
IR & mass bins: 5 (1,2 — 4,5 — 22,23 — 38, > 38)
Il cnergy bins: log(E,. /eV) = 18 — 21 with width log, (E;./eV) = 0.02

— reweight database according to wanted source emission
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Josma Schulte — how o’o we compare z‘he S/mu/at/ons to z‘he observab/es7
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example detected energy spectrum
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in Monte Carlo (MC) |

I— . _, e — - — ==

Bayes

prior
posterior probability of physics parameters p(@|y) )I'J(y |1 6) pfé’)
likelihood (has to be explicitly formulated)

Markov Chain Monte Carlo (MCMC) method
e Markov chains (series of samples) of parameters 6

» target distribution: p(@|y)

» efficient sampling in multidimensional parameter space

o different sampling algorithms available (here: sequential Monte Carlo)

e.g.y

e convergence:

» enough chains (= different starting points) with enough samples s eg R

cut

) h ig h eﬁ e C-t iV e S am p | e S ize https://www.bgc-jena.mpg.de/bgi/uploads/People/MaartenBraakhekke/correlatedSample.jpg

» computationally expensive

Josina SCHulfe



https://www.bgc-jena.mpg.de/bgi/uploads/People/MaartenBraakhekke/correlatedSample.jpg

ormalngflow fosterior eiaion
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normalizing flow:

» approximation of complex probabillity distributions given samples from that distribution ! J\ A

» transformation of a INto a more complex distribution by a

composition of differentiable & invertible mappings
arXiv:1908.09257

Josina Schulte


https://arxiv.org/abs/1908.09257
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normalizing flow:

» approximation of complex probability distributions given samples from that distribution

» transformation of a INto a more
composition of differentiable & invertible mappings

approach

Normalizing flow for posterior estimation

>

by a

arXiv:1908.09257

conditional normalizing flow: reconstruct conditional probability distribution, like posterior distribution p(&|v)

» mapping between physics parameters ¢/ & latents = under the condition of observables y

»training process: use many samples ¢, y(8) from known forward model

» inverse pass: posterior distributions (¢ | v) for specific observed y

suitable loss function: Kullback-Leibler divergence

» minimizes difference: & cNF posterior distribution

» ensures convergence to correct posterior distributions

» enforce normal distribution for latents \\.

Josina Schulte
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https://arxiv.org/abs/1908.09257
https://arxiv.org/abs/2003.06281

thodlcal dlfferences MCMC \E cNF

both methods give posterlor dlstrlbutlons given an observatlon

» likelihood approach

» engineered according to the experimental statistics of the observables measured at Earth

»  maximize likelihood ~ Poisson
» minimize difference between predicted & measured|observables

» convergence of sampled space to posteriors in limit of infinite samples

E3Jge(Ege)) / (km™2 yr~ sr7l eV
S 2

cNF
» likelihood-free/simulation-lbased inference using loss function

» directly minimize difference between true| posterior distributions|of the source parameters
& the posterior distributions of the network

» agreement of observables only implicitly achieved by agreement
of source parameter posteriors

e : ——

Josma Schulte - o % % | | * ? | 3




Prior (on source parameters) for training data set

(size: 1.000.000)

ainig ath for the Obinedf

»  spectral parameters y, R, region

A. Aab et al JCAP04(2017)038
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Observation

Energy spectrum & shower maximum distribution

as observation |
10 x 24 bins

logi0(E/eV)=18.7 - 18.8 logi0(E/eV)=18.8 - 18.9
. 150
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logio(Eget/eV) A
. . . 10 o
D urin g tr ainir g ' log10(E/ =195 196 logio(E/eV)=19.6 - 20.4
* fluctuate every bin according to 10
. 7 . | i
Poisson statistics with event numbers: )
\ \ 700 800 900 700_2 800 900
~ SD statistics for energy spectrum Xmax / g cm

~ FD statistics for depth of shower maximum distributions
* normalize Xmax distributions in every energy bin to remove energy
spectrum information

 rescale energy spectrum with E 3 10 flatten spectrum
& Improve reconstruction quality



https://iopscience.iop.org/article/10.1088/1475-7516/2017/04/038

‘Network structure

e

. 6 rever5|ble blocks

* reversible block gets either energy spectrum or depth of shower maximum distributions

» energy spectrum: bin content of 17 energy bins above 10'%7 eV

»  shower maximum distribution: bin content of 10 energy x 24 X .. bins

* permutation layers randomly permute the input & support more stable results

« 10° training samples

* fraining time ~13 hours

Josina Schulte
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Benchmark 5|mulat|on observables

benchmark S|mulat|on using source parameters from previous anaIyS|s on data from the PAO

: logio(E/eV)=18.7-18.8  |logio(E/eV)=18.8 - 18.9
y = 0.87, logon(R../ V) = 18.62,a(N) = 0.88, a(S1) = 0.12 150 EURR | FoB1o(EE) depth of shower
10\ *cut [* N\ : maximum
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Josina Schulte — evaluate with new method (cNF) and compare to MCMC 11



Bencmark i I posterior distribution

_;N F | ”V Rcut 10_1 ﬁ)/ RCU.t

| 10_1
0075_ : 1<\/91>C truth 0075' : 1<\(/9[>C truth
O )
= (.050- =~ 0.050-
= =
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<10g10<Rcut/v) > = 18.60 tgg% 0.6- 10_4 RRcut = 1.00 0.6 »
1852 1859 18.66 1852 1859 1866 U
10%10(Rcut/ V) 10%10(Rcut/ V)

similar posterior distributions
» symmetric, true value within 1o, positive correlation between y, log (R

cut
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‘Benchmark simulation: posterior distributions

| cNF

H He N Si

Fe

H He N Si

Fe

1071 1071
e |
Q —— MC truth Q —— MC truth
%0.2 50,2
oS S
- A S I Y A
00010 210! ' S ' VO 0 210 : — ' S —
)0 ‘ | ‘ * Wy ‘ | ‘
N 10—2 | | b ~ 10—2 + |
102 ! 102
1073 1073
1073107210 — — T — 1073107210 ——
(He) ) 10U ‘ ‘ - * g (He) ) 107 \ - ‘ g
v 10 9 | | d | L § v 10 2| .E i i §
_ : A, _ k| ' Q,
1073 1073
1072107210~ —— | [ 10721072107 —F —
a(N) = 0.88 a<N>A10—1- - 1073 a<N>A10—1- - 1077
a(S1) = 0.12 \Z@/lo—?- \Z@/lo—?-
107 004 B 107
(a(H)) = 0.131 0043 10210 210" (alt)) = 0150 Zg.150, Rag) = 1.000 10210 210"
—0.126 ) _ +0.034 _ i
(a(He)) = 0.110 Ty, i 107! +0241131 . a(Si) 10|
(a(N)) = 0.675 " ic '@10_2_ ' <@(N)> 0.635 Zg11g, Havy = 1.001 310_2_
(a(S1)) = 0.082 Fh-0l N o (a(Si)) = 0.081 *0913 " R, = 1.001 S .
0.001 - 0.001 -3
(a(Fe)) = 0.002 0001 - 104 (a(Fe)) = 0.003 7G55, Raqry = 1.000 TEAIEATE 104
similar results for cNF & again a(fe)

» |largest contribution by nitrogen & silicon, at most tiny iron fraction

» pbroad posteriors for lighter fractions including O

» almost no I|ght elements present in observahons E > 10'87 eV for r|g|d|ty cut- off loglo(R /V) = 18 62 at sources

cut
1 8

Josma Sohulte




tablllty of CNF results

Evaluate performance on test dataset (S/ze 70 OOO)
3 20.5
8 100 10%10(R0ut/ V) 190
' NRMSE = 0.014 = "Y1 NRMSE = 0.018 _
median*__ B median __ 100 =
S 11 Ceal = 0.002 30 & 1950 Ceal = 0.002 <
< = %
= ¥ 30 =
= 0 00 = 19.0 :
S —1- 40 % 18.5 10 =
z
—2 20 2. 18.0 20 Posterior mean ~y
*median over absolute values in
_3 , , , 17.5 - - - range of confidence intervals
5 0 3 18 19 20 .
brie frue 10g10 ( R /\/) (0.01,0.99) in 0.01 steps
— Good reconstruction quality of cNF for many test datasets
Calibration error: e¢_,; = g,,;;.« — ¢ fOr estimation of correctness of the widths of the posterior distributions — oo
» confidence interval g & fraction of observations g ;... = “;i;e“ with true value in g-confidence interval F N
v efgledlan close to 0 — swtable vv|dths of postenor distributions — approprlate uncertalnty estimation possnole

e : ——

Josma Schulte - - f | o 14
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Stability of cNF results: elemental fractions

=
>

=
=

a (He)

81 NRMbSE = 0.154

e ten = 0.006

cal

02 04 06
true a (He)

0.8

81 NRMSE = 0.082

a (Fe)

emsdian — 0,004

cal

0.2 0.4 0.6
true a (Fe)

1.0

60 a (N) 25
- 0.8 NRMSE = 0.122

= median __ 20

;/ 60&1 — 0005
40 = 0.6

g 15
30 —

2 0.4

[ 10
20 Q

@F
10 0.2 5

00 02 04 06 08
true a (N)
150 + Reconstruction quality of elemental fractions

- depends on mass

100 » light elements cannot be reconstructed, prediction
- converges to average value for five elements

50 » heavier fractions can be better constrained

25 v small calibration error: suitably large uncertainty for

unrecoverable light fractions




onclusion

— . _ S P B _ =S — — -— . —_— — e — — —

conditional normalizing flow

observables y

» method based on transformation of distributions I ol I B

0 Z

» enables creation of posterior distributions (ke MCMC)

1071

1071

» very similar posterior distribution to MCMC o e
although techniques work inherently different Zoos o o
0.000* § 0005 . . %
» provides fast evaluation of many test datasets . 4
’ rlgOrOUS teStlng &:&z;vg;i_wﬁo e -18:52 850 1866 0 %Ziio(_R;B{)v”:lgﬁo h 0.6.18:52 1§50 166 U
logo(Reut/V) logy(Reut/V)
» pOSsible extension to more/different olbservables
: Y | 100 | loglo(Rcut/v) 190
» learns mapping between observables & source parameters > NRMSE = 0.014 =20 NRMSE = 0.018
e emsdian = (002 0 3:219_5‘ elnedian — (). 002 100
possible alternative applications : o 2, .
» NF as generator — create training data for classification/... - E g
* NF as fast simulator = use learned mapping in bigger models === ; I
Josina Schulte 10




Outlook arrlval d|rect|ons as observables

use arrival dlrectlons as observables & recenstruct parameters of ,,GMF“ = simple deflection map

deflection map: dipole — value at different positions describe coherent deflection direction

90° ®

z 407 rigidiity R
180° 0% 360°

signal contribution total = 2% signal + 98% background

60°

0 130 360 0.000410 0.001555 0.002700
deflection angle / normahzed bin content

e ——

Josina Schulte —~ reconstruct parameters of srmple deflection map (— o’/,oo/e o’/rect/on) 17




Outlook: arrival directions as observables

X z O
— y 107 60
. —— MC truth W {rue direction
§ 01 mean reconstruction
S |
0057001 o079 . 1072 |
x 0.791 r"" - f | | | | |
&)
2 0.04 =
NP
A,
0.7 - 3 -30°
083 -038 007 — | — | 0T
y 0.07-
(z) = 0.71 tg;gozm 0,38
(y) = —0.62 t0109 J
(2) = —0.22 *021 .
or distributi C Om om om0 .0000 : 0.0032 . . 0.0064
posterior distributions | o normalized posterior dipole directions

v dipole direction can be reconstructed with cNF despite quite large background contamination
future plans:

» more detailed deflection maps (higher multipole orders), different source scenarios

» add other observables (energy, X.,..,) (Similar to Teresa)

Josina Schulte Thank you for your attention! 13
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https://www.uni-potsdam.de/typo3temp/assets/_processed_/b/c/csm_kosm_Strahlung2_b7bead59a7.jpg

utlook: arrlval dlrectlons as observables 140922

netvvork setup 5 bleeks mternal Size 256 (# NN parameters 3,290 OSO)

0.5 F - 075l Y 10| 2
. NRMBE = 0137 . NRMSE = 0.076 NRMSE = 0.130 .
' median. =5 ' median __ |+ medians v : ;
© ol € 0.016 = 20 % | el 0.005 : 05 gy =0.019.
= = =
= 000 15 5 000 0 5 oo 8
g; —0.25 0 *g ~0.25 *g . b
5
—0.75- —0.75- 2
—05 00 0.5 —05 00 0.5 | —05 0.0 05
true x true y true z
brat JRe : lidation |
— very good calibration error, mean reconstruction improvable valpationJoss

e : ——
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Underlying method: reversible blocks

reversible block

01 04— Z1 Z1
(input 0 @ @ output z
02 | 92 V14 72

o split{input vector A)in 2 halves: 0 = [6,, 6,]

e transform by affine function:
use mappings s; & t) i € {1,2}
(arbitrarily complicated, not invertible)
output z/= [z, z,]

z, = 0, © exp(s,(6,) + 1,(6,)
z, =0, © exp(si(z)) + 1,(z)

e |Nnve r't| b | | |'|:y p element-wise multiplication
0, = (z, — 1,(z))) © exp(—s,(z,))
91 — (Zl - tz(@z)) @ eXp(_Sz(92))

based on real-valued non-volume preserving (Real NVP) architecture
(arXiv:1605.08803)

— ; — e e e e — _ 5 S i e e i
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https://arxiv.org/abs/1605.08803

— _

Underlying method: reversible blocks

reversible block Using the [observation y| as condition
91 —1X 71 Z1
| @ reversible block training mode
@nput 0 @ output z

05 | Os -og—7— Z2
o splitlinput vector A)in 2 halves: 8 = [6,, 6,]

output z

e transform by affine function:
use mappings s; &t} i € {1,2}
(arbitrarily complicated, not invertible)

= [z, Z,]
z, = 0, © exp(s,(6,) + 1,(0,)
z, = 0, O exp(s)(z))) + ()

° |nvert|b|||'ty /e/ement—w/se multiplication
0, = (z; — 1,(0,)) © exp(—s,(0,))

based on real-valued non-volume preserving (Real NVP) architecture
(arXiv:1605.08803)

evaluation mode

71 71
)
output z
n
02

—1©® 72

—— e e e ———— e ———————— —_— =

https://github.com/VLL-HD/FrEIA 22
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https://arxiv.org/abs/1605.08803
https://github.com/VLL-HD/FrEIA

Benchmark simulation: energy spectrum f|t

Dreollctlon (usmg mean va/ues of boz‘h methoo’s) for energy spectrum

10%8-

Josma Sohulte
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v agreement of prediction for energy spectrum
with benchmark simulation for both methods

Deviance = -2 - (likelihood of fitted model -
likelihood of saturated model)

CNF:
D =Dy + Dy =143+1247=139.0
DMCMC D.+D, =147+123.7=1384

max

— small deviance achieved with both methods




Network & training setup

J%h_ —

# Reversible blocks: 6

GLOW subnetwork structure

fully connectec

transformation

as subnet const

ructor (width 256)

subnetworks
 fully connected transformation with internal size (here: 256)

Training settings
Initial learning rate: 107

Learning rate decay: cosine

Final learning rate: 107>

Adam optimizer betas: (0.9, 0.999)

Batch size: 1000

Epochs: 1000

e 3 layers with ReLU activation of linear transformation

e |ast layer: linear transformation only

Josina Schulte

Training data
* energy spectrum: binned between

18.7 & 20.4 with width 0.7 In
logo(E/eV)

e shower maximum distribution:

binned in energy between 718.7 &
19.6 with width 0.7 + 7 high energy
bin, binned In Xmax between 550 &
1050 g/cm?2 with width 20 g/cm?
(normalize energy bins to remove
spectrum information)

24



Suitable loss functio

Kullback-Leibler divergence:

Z =KL(p@|y) |l py01y)) =

probability conservation: p(0]y) d0 = p(z) dz

S =

p@ly) & Py(01¥)

A

o~p(oly) (102 P(0]Y) = 1og p,(0]y)) = const. + Ey_, ) ( — logpy(01y))

opioiy | —10gPy01Y)) =

ol

)/

So-poly) (—10g(p(2)) — log( | det (g) )

0z
o~poly (—10g(p(2) - | det (g) )

Using Gaussian distribution for latents z & Jacobian of reversible blocks = triangular matrix, where z = f(6)

m

2
F = %Z (%Hf(é’i)ﬂz — Z Z Sl,j) with m training data sets

=1

Jacobian

* example: f,(0) = {H _ 9
» =0

07
e |det—| =
00

00 00
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0z, 07,

2, = 0, 0 exp(sy(0) + 1) 9iO) _|% . | [diaglexp (.09)) 2
90 | e, | 2
FliFy 0 |

Hexp(sz(é’z))j - exp(s(z)); = exp( Z $,(65); + Z Sl(zl)j) (equivalently for 2, with f>(6))
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Likelihood for MCMC } % i

L ——— S — ) B

Total likelihood: SZ SZE SZX

e\k®
energy spectrum: &£, = H ) exp(—p°)

€

5 (
shower maximum distributions: £y = er! pkéx'
é x o
with
» the predicted spectrum p calculated from the simulation database, the event counts of the
measurement/benchmark simulation k, each in energy bins e

» the predicted number of events pé’X and the measured number of events k**, each in energy bin e and
Xy DIN X

MCMC sampllng 8 Chams vvlth 5 OOO steps each
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Calibration

}L = e ————— e e — = — —— — S - —_— e —— =

For estimation of correctness of the widths of the posterior distributions

> €cal = Yinliers — 4

N
» confidence interval ¢ & fraction of observations g ;... = “;i;ers with true value in g-confidence interval
’ ecfgled: median over range of confidence intervals (0.01,0.99) in 0.01 steps

: e —— 2 = S = e - == ——— = — =

/:‘or each free p ?r ameter: Count for how many test sets the true value lies in
—valuate posteriors for all test data sets (10.000) the g-confidence interval

Cl

- +0

" true value

- true value

- e.g. = 5.108/10.000




