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Ultra-high-energy cosmic rays (UHECRs) &, |®W™
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* Can we identify coherently deflected (by toroidal and disk
component of galactic magnetic field (GMF)) CRs originating
from active galactic nuclei (AGN) in data?

* Current GMF-models are uncertain




GMF Model

* GMF: coherent + turbulent deflections
* Turbulent deflections: Gaussian smearing

*  GMF model consists of simulated spherical
harmonic functions

* Spherical harmonics expansion resemble
impact GMF has on deflections of CRs
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Observables: arrival direction (AD),
energy and X,,,.x of CRs



Method

* Use conditional invertible neural network (ciINN)
to reconstruct spherical harmonics expansion
coefficients

* Normalizing flows: Bijective functions

* Mapping between posteriors (complex
distribution) and latents

* Training: forward 2>

* Evaluation: backward €<
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Embedded ADs

—
(200, 64) p(2)
200 CRs with x,y,z (AD), Nystrém Mumhi?g-/:gennbn (8 heads) latents z
energy, Xmax

_ transformed

¢ Attention module focuses BatchNorm output S
on most prominent (200, 64) Average preprocessed
coherently deflected CRs (64) arrval directions

Dense (128, GELU)

0 (200, 128)
* helps preprocessing

conditions for cINN
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BatchNorm
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* cINNs have many hyperparameters which influence performance / e

{observables y)

*  Which network hyperparameters suit best for fitting coefficients of spherical harmonic function

(e.g. Lygx = 2 = 8 parameters) for 200 CRs of 26 AGN sources?
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Network hyperparameters 8.

Institute Il A

PIERRE
AUGER
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* Number of training data - > & D -
. - D » & D @
* Batch size - B > @ W M -

« cINN Lk | e [ LA

* Number of invertible blocks
* Internal size

* Transformer
* Transformer dimension (= dimension of condition)
* Number of layers
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* Reconstruction works fine

reconstruction
[ TS
st ; 0 180 360 0 130 360
* Uncertainties are small in deflection direction W /° mean posterior deflection direction ¥ /°

regions with sources
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Sensitivity of the method

1400
1200
* Evaluating test data of size
1600 at 4 source positions "™
2 800
* Histogram values of 3
_ 600
6= Lptruth - Lpreco
400
* ¢ should be closeto 0
200
0

04.09.2024

Physics
Institute Il A

-

PIERRE

OBSERVATORY

—— Mkn421: (0.1+£0.8)° 2001 Mknd21: Gpeco = 1.2 °©
—— Mkn501: (0.4£1.7)° 1751 Mknb01: Greco = 2.1°
- NGC1275: (—0.4+1.4)° NGC1275: Greco = 1.8 °
—— CenA: (—0.8+24)° 1501 CenA: Greco =3.2°
I 1251 1
| ‘oD
501
251
__ 0.
—60  —40  —20 0 20 40 60 —4 -2 0 2 1
(quruth - \Ill'(‘('())/o \I}Il'nlll - \I}rv(‘o/grvm
Dominik Wirtz 9



A measure for fitness of networks  @..
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Results & Outlook @-~. "N

PIERRE

OBSERVATORY

Results:

* Fitness parameter allows to identify best-performing network

* Networks are stable to variations of hyperparameters

* ~1 million trainable parameters are needed for good reconstruction

* Trend: Larger cINN and larger transformer work best for 200 CRs with 5 parameters each

(w.r.t. tested parameter space)

Outlook:

* Use Pierre Auger Observatory‘s exposure

* Include background CRs
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Network architecture - Embedding -@... |™W™
CR information] ( ( Dense] i’::;%din;]ensew —— (oo ﬂ Embedded CR ] )
o Ut i;f}”gmaxj LL 8, RelU | [16, ReLU | [32, ReLU | [64, ReLU | [128, ReLUU [ "zfz?)ror’nf;gn {Nystromformer}
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Reduce learning rate on plateau + iteration decay —&,.. |®WIH
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* Reduce learning rate on plateau: 40
* Takes: -
 patience 2
* reduction Factor i
* threshold (0.0) g -55
* if validation loss does not decrease after patience, reduces learning —6.0
rate by a factor oy
* allows for a threshold of deviations between validation losses of each 0 2000 o 6000 8000
epoch N e

* Iteration decay:
* Takes:
* iteration decay parameter (2.5e-6)
* decreases initial learning rate with every epoch by a factor of
1/(1+iteration decay parameter*epoch)

validation loss
| | |
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0 2000 4000 6000 8000
epoch
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Loss function for cINNs ... Pm
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Fig. 4: Structure of the reversible block used for the conditional invertible neural network. It can be evaluated in two
directions. The upper part shows the training mode or forward direction, the lower part displays the evaluation mode
or backward direction.

forward backward
z1 = 601 ©exp(s2(02)) + t2(62) 02 = (22 — t1(21)) © exp(—s1(21))
zo = O3 @ exp(s1(z1)) + t1(21) 01 = (21 — t2(02)) ® exp(—s2(62))
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Loss function for cINNs 8.
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0 is input

U is condition Kullback-Leibler Divergenz KL & provides a measure on the difference of

L =KL(pOy) | ps(0]y)) two probability distributions
= Eo~p(0|y) ( log p(f]y) — 108’1)q5(9|’y)) < true posterior not dependent
— const. + E9~p(9|y)( — log p¢(9|y)) on network parameters

L =Egppoy) (—logps(0ly)) < omit constant

0z :
= Epp(a)y) (—log (p(z) - | det (%) ) < change of variables

By (1o (0(2)) ~ o et (52 ) )
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Results
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Loss function for cINNs ...

How to calculate Jacobian?

0z df1(0) 0f2(0)
o () 1- 200

= H exp(sz,;(02)) - exp(s1,;(21))

f1(0) = {Z; i g; O exp(sa(b2)) + t2(b2)

afl( ) (“;1 ("gl J
det = det | 35 92
T %6z bz = exp (D] 52,1(02) + 51,4(21))
i o J
_ ek (dlag(exp (s2(602))) 29;)
0 I 0z
L =Eg 01— 1o z)) — log (| det
o, 0m) o~pi0) (108 (9(2)) ~log (| det ( 57 ) )
J
1 m torch.sum(z**2, dim=-1)
i = . neg log likeli = 8.5 * zz - jac
can become il i L B a Z 2 ”f ” B l—zl ; Sl’J) losglfzintw?mean?nig__logmliieli)
— - loss.backward()
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Network architecture - cINN

04.09.2024

(

cINN
Input Node ]

(dim = 8)

4[

Coupling Layer 1 (GLOW)
Fully connected

a

Permutation Layer

Coupling Layer 2 (GLOW)
Fully connected

Coupling Layer N (GLOW)
Fully connected

Output Node

\ 4

\

y
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Fully connected

Linear
(input size = 68)

Dropout function

RelLU

Linear
(output size = 8)

Output
(size = 8)
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Transformer ...

Nystrémformer Block

[ Nystrémformer Multihead-Attention ]
8 heads, dropout

Shortcut

I
'| Dense Dense ||
: 256, GelLU 128, dropout :
\

e e e e e I I I ]

Feed Forward Network

[ BatchNorm ]—

- _/
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cINN | training data | Nplocks | internal size | Tgim | batch size | Niyers | lmax (6) /° | {os) /° (Oreco) /° fit ‘ perig | persa
8 5870080 5 256 64 16 1 5) 0.46+0.40 1.34+0.84 | 1.65+0.77 | 1.34 -0.14 | +0.37
34 2621440 & 128 128 64 2 ) 0.62+0.27 126041 | 1.56x0.44  1.31  -0.12 | +0.39
37 2621440 5 128 128 64 4 2 0.15+0.09 1.32+0.67 | 1.64+=0.62  1.33 -0.14 | +0.39
38 2621440 ) 128 128 64 4 ) 0.41 £0.26 1.07X£0.56 | 1.50x=0.58 @ 1.24 -0.10 | +0.23
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A measure for fitness of networks 8.
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Normalizing flows 8.
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Fig. 4: Structure of the reversible block used for the conditional invertible neural network. It can be evaluated in two
directions. The upper part shows the training mode or forward direction, the lower part displays the evaluation mode
or backward direction.
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Example reconstruction -@=. | ™
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* Reconstruction works fine

reconstruction
[ T [ T
I : 0 180 360 0 180 360
* Uncertainties are small in deflection direction W/° mean posterior deflection direction W /°

regions with sources

—94 0.0 9.4 1.23 8.62 16.00
(true - mean posterior) deflection direction W /° o posterior deflection direction ¥ /°
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Sensitivity of the method 9.
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