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Problem

Often, physical parameters cannot be measured directly

forward process
/’\

often with information loss

—
physical parameters &

observables y

INVerse process

analytically intractable

Goal

Reconstruct complete posterior distribution of physical parameters, conditioned on an observation

. quantify uncertainty L i i

. reveal multi-modal distributions

iii. identify degenerate & unrecoverable parameters By

e ——
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Overview: Invertible Neural Network 11.05.21
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ldea
invertible NN learns mapping between physical parameters 6 & observables y

forward process

o ()

very fast evaluation of many data sets inverse process

» training process: known forward model

» Inverse pass: posterior distributions

Approach
* add | latent variables z to capture information otherwise lost

loss function

» minimizes difference: true underlying posterior distribution & cINN posterior |
distribution ;

» ensures convergence to correct posterior distributions

e enforce normal distribution for latents z

Josina Schulte arXiv:1808.04730 3
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Basic idea: Reversible blocks % | trose

J%h— — —_—— —— e —— S = e L = e —

rever3|ble block

o split(APUENVESIORDin 2 halves: 0 = [0, 6,]
e transform by affine function: output z = [z,, z,]

coefficients exp(sy) & 1) i € { 1.2}
(mappings s, t)arvitrarily complicated, not invertible)
z, = 0, © exp(s,(6,)) + 1,(6,)

z, =0, © exp(si(z)) + £,(z)

e |nvert | b | | |'ty p element-wise multiplication

0, = (z, — t;(z,)) © exp(—s;(z))
0, = (z; — 1,(65)) © exp(—s,(6,))

06 66

+/ %

output z

based on real-valued non-volume preserving (Real NVP) architecture
(arX/v 1605.08803) & GLOW @rXiv: 7807 03039)
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Basic idea: Reversible blocks 110521

|

L_ - - - B - -

reversible block Using the(observation y| as condition
o splitinputvector@in 2 halves: 9 = [6,, 6,]

e transform by affine function: = (24, 2,] reversible block training mode
coefficients exp(s;,) & t) i € { 1.2}

[(ma,o,o/ngs S:, ti)a_rb/trar//y complicated, not invertible)
z, = 0, © exp(s,(6,) + 1,(6,)

z, = 6, © exp(s,(z))) + 1,(z))

© o

output z

INnve rtl bl | Ity p element-wise multiplication 2
0h) = (2, — 1,(2)) © exp(—s,(z;))
O = (2~ 1(8)) © exp(=5,(0)) reversible block evaluation mode

0,

@

l 2

—_ 1 1 l output z
=09 _o¢

<]
)

0, |
=

<1
)
output z

%)

+/ %

based on real-valued non-volume preserving (Real NVP) architecture
(@rXiv:1605.08803) & GLOW (arXiv:1807.03039)
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Suitable loss function

e e —————————— R —

Kullback- Lelbler dlvergence true ,ooster/or p(6’ \ y) & cINN ,ooster/or-

L =KL(p@1Y) | py©01Y)) = Egpay (logp@ly) —logpy(01y)) =

Josina Schulte

So-poy) (| — 108 Py(01Y))
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Kullback Lelbler dlvergence true ,ooster/or p(6’ \ y) & C//\//\/ ,ooster/or- |
L =KL(pO1Y) | py01Y)) = Egepory) (102 p(01y) =102 py01Y)) = Eg oy ( — 102 py@1y)) }k

probabllity Conser\/ation:—z p(z)dz

0 0
7 =g (- 1082 019) = Ep oy (08(p0) - det (2 1)) = Egpny (o) + 101 det (52 )1)

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

1
L =By (S 1O+ 2, 50))

—— e — — — —_ = — — == = = == = = =
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;———fﬁ = —————— =0 ————_ " — e — = ; —— e —— —— — = — EE——

Kullback-Leibler divergence: frue posterior p(8|y) & cINN ,ooster/or- |
L =KL(pOIY) | py01Y)) = Egpory) (log pO1y) —10g py(@1Y)) = Egpiary)( — logpy@1y)) }k

probability Conservation:—z p(z)dz
0Z

0
7 = Ep (- 1082 019) = Ep oy (08(00) - det 2 ) 1)) = Eg-pny (o) + 1o (1 det (52 )1)

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

1
) Z = _9~p(6’|y)(5 ‘f(@) ‘2 + 2 S(Q))

reversible block

Jacobian 9z 9 ;

| z; = 0, O exp(s,(6,) + 5,(6,) (@) |6, o0, diag(exp (s5,(6,))) il
« example: f;(0) = | — = 00,

0h = 0, 00 % % 0 ]
00, 00,
(equivalently for Z, with f»(0))
oz df1(0) 09, (0) ’

. |det—| = S A= Hexp(sz(ﬁz)) - exp(s(z))) = exp( Z $,(6,) + Z 51(11))

00 00 00
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Example application on
an astrophysical scenario
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ation: Astrophysmal setup 10521

xample Applica

” i

Ultra-high energy cosmic rays (UHECRs) emitted by

homogeneously distributed sources e
» 5 different injected nuclei: power-law energy spectrum with maximum rigidity:

1n](E) x E77 fut(E’Z ' Rcut)

Detected energy spectrum contains only implicit information,
no explicit iInverse function can be formulated.

Goal

Constrain 7 astrophysical source parameters

» spectral index y, maximum rigidity R,

5 mass fractions a(A,) =

180 185 19.0 195 200 205  21.0
logyo( Einj/ eV)

e ———— S——

Josina Schulte % S | | —— : .




Iraining data

11.05.21

Prior (on source parameters) for training data set
(size: 100.000)

» spectral parameters y, R . from prior analyses

cut

20.51 Minimum line from original combined fit | %
i X
Prior region for NN training data ]
!
20.0 i /,,'I ;’:('( / : Ay , E
/ )f ’,’l 4 frg e _
195 P N .
\‘_‘ e )% // i 5 L ! ;
< 19.01 £ -
s ) . [N
o "
B T - %XXX)R‘ '/ : SOU rce . !
185+ xx,(,ee*‘% : i :
———— LN )O(X ’/’// o ; 4 7 -
18.0 """ % .
(banana prior) e s
17.5—— | |
—3 2 -1 0 1 2 3

» 5 elements (H, He, N, Si, Fe): unit simplex
— / free model parameters

Josina Schulte

Observation

Only energy spectrum as observation
binned spectrum muiltiplied with E’

obtained from CRPropa 3 simulations

Source Parameters
y=1.09, logio(Rcut/V)=18.69
a(H)=0.32, a(He) =0.09, a(N)=0.10, a(S1)=0.27, a(Fe)=0.22

RN cxtensive air
M shower 107" o,

; _ Q
S
3 1071 True parameters
g — A=] W
A=2-4
— A=5-22

— A=23-38
1073 — A>38
¢  Test data

18.75 19.00 1925 19.50 19.75 20.00 20.25 20.50
logi0(Eger/€V)

Example observation

(binned between 10187 eV — 10794 eV
with bin width log,o(Ey../eV) = 0.1)



xample scenario: cINN posterlors & predlctlon 110821

cINN posterlors of source parameters

Observables bm content of energy spectrum

R Fitted Source Parameters
4 cut —1.17, log1o(Reut/V) = 18.72
0151 — ® a(H)=0.19, a(He)=0.19, a(N)=0.14, a(Si)=0.15, a(Fe)=0.32
—— MUC truth
P
§ 0.10
S 1071 R R
R 0.05- e B 2.
. /}@” ”””” \\:ql\\
= o e R
S -7 L L bl L T R\
0.00-— - — T T T
0.29 0.75 1.22 ’;@ . %"*:Q\
}/ 1 .22 i \L?/ 10—2 \tt:\
oY e I o Fit result \
S e 0
T R A=1
SN A=2-4 \
. : \
075y DN A=5-22 N
(y) = 117 4006 | e A=2338
(logio(Reu/V) ) =18.72 384 0 5g. 1073 S A>J8
| 10—4 _ \ ¢ Test data \
18.46  13.63 18.5 1875 19.00 1925 1950 1975 20.00 2025 20.50

logi1o(Reut/ V) logio(Eget/eV)

True values
, y = 1.09
logy(R.,/V) = 18.69

e ———— S——
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NN summary statlstlcs 10521

Look at vvhole test data set (size 1 O OOO) ‘median over absolute values i

range of confidence intervals

: - - - (0.01,0.99) in 0.01 steps
* Histogram posterior mean vs true simulation value

100
20.5
}/ logo(Rey/ V)
2_
RMSE = 0.238 . 20.01 RMSE = 0.194 80
NRMSE = 0.042 < NRMSE = 0.064
~ b < 19.5
S 0 60
= z2 8 2
5 0 5 5190 =
= 300 & O
17 . 40
& -1 2185
20 2
~
9. 18.0- 20
10
, emedian’— 0,016 175 emedian — (0,012
-2 -1 0 1 2 180 185 190 195 200
True y True logo(Reu/V)
» Calibration error: ¢_,, = ¢..;.... — g for estimation of correctness of the widths of the posterior distributions
» confidence interval g & fraction of observations C]inners = “;;ers with true value in q—com‘idence interval

e : ——
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cINN

Summary

—— e —

»  bullt with reversible blocks & trained with suitable loss function

» enables creation of posterior distributions

» estimate of actual value & corresponding uncertainty

» correlations between parameters

» provides fast evaluation of many test data sets

» training (G

Josina Schulte

PU): ~1h, evaluation: ~s

— (0)
—— MC truth

7 source parameters 6

p@1y)

observables y
content of 17
energy bins

11.05.21

[ latents 7

p(2)

Thank you for your attention!

60
50
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20
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Conditional Invertible Neural Network structure s

l
|-

cINN

condition
observables y

| = e reversible blogd
reversible block

| ‘ reversible block
| reversible block

reversible block

input
system
parameters 0

reversible block

GLOW Coupling Block
with fully connected transformation
as subnet constructor

¢ permutation layer

random but fixed permutation
of input vector

H‘
|
|

Josina Schulte S - | 16
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Training settings

# Reversible blocks: 6 nitial learning rate: 1073
GLOW subnetwork structure L earning rate decay: cosine
fully connected transformation Final learning rate: 107>
as subnet constructor (width 256)

Adam optimizer betas: (0.9, 0.999)
Batch size: 1000
~pochs: 500

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

» 3 nodes/ layers with ReLU activation of dropout (here: py;y0ue = U.0) of linear transformation

e |ast layer: linear transformation only

Josina Schulte S S o 17
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ample scenario: cINN posterlors W|th elemental fractlons 11.05.21

Posterlors from cINN

/4 Rcut He N Si Fe
015 — (9 ] go_os- - _
——  MC truth =
~ s
§ 0.10- : 0-00005 0.3 071 | |
T 10~ “_ 102
~ = 0.38{ |k | |
L 0.05- s E; ﬁ : .ﬁi- . 3
0.00 Q Ooga(él%l?éo% I. i
U029 075 1.22 = 2 05 2
/ 1.22: f N light elements ~ ~ ﬁ ﬁ i <
10 follow prior 00005 05 g, "
075 | distribution “ >Z
' | 2032 Ei |
(yy=1.17 2338 | (a(H))=0.19 *{13 0.04 0.25' 049
(log1o(Rewt/V) ) =18.72 +8 82 0.29 (a(He))=0.19 1913 a(Si)
| | | 10-4 (a(N)y=0.14 £3:19 @ 096
18.46 18.63 18.8 <a(§1>> ((’) 1352 18;%1?1 _
logi10(Reut/ V) (ke =032 00250z o7 107

a(Fe)

— Constrammg power on elemental fractlons ‘at the sources only from energy spectrum not very high

Josina Schulte ; 18




CINN summary statistics: elemental fractions 1021

1.01
0.8 °0 0 0 .
50 50 |
E | Q ~
50'6 40 %O‘ﬁ 40 %0-6-
.g 0.4 300 .é 0.4 300 .‘g 0.4
kS 20 E 20 E
0.2 0.2 0.2
10 10
0.0 0.0 0.0
0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8 02 0.4 0.6 0.8
True a(H) True a (He) True a (N)
25 ¥
08 " »  — constraining power on fractions at the sources
%06 0 g, o only from energy spectrum not very high
= 2 8 0 2
: Pe «& — contributions of heavy elements more prominent
S04 “ 204 S
g 0 3 o I[N energy spectrum
0.2 0.21 20
5
10
00 0.2 0.4 0.6 0.8 00 0.2 0.4 0.6 0.8
True a (S1) True a (Fe)

e : ——
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l Clibratn % 11.05.21

L

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 parameter: Count for how many test sets the true value lies in
Evaluate posteriors for all test data sets (10.000) the g-confidence interval

Cl

- +0

" true value

- true value

[ S . —eg.=5.108/10.000
Josina Schulte 20




