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Fundamental physics with gamma rays is hard

The high-energy gamma-ray sky seen over the decades (space-borne telescopes).
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[Fermi-LAT collaboration, ApJS 223 (2016) 2]
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'Signatures of fundamental physics
| are potentially hiding there!
L — How to deal with the complexity
of all the astrophysics?
- There is a lot to model ...
[Bertone, Tait, Nature 562 (2018) 7725] 'i' -
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Understanding the gamma-ray sky

[Pass8 (R3), ULTRACLEANVETO, FRONT+BACK]
[LAT data (9.5 years), E € [0.5,500] GeV]
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A word about the diffuse emission

Product of charged cosmic rays interactions within the Milky Way:
— primary cosmic rays (p, ei) accelerated and injected at source site
— propagate through the Milky Way (diffusion, convection, diffusive re-acceleration,

popular solvers: GALPROP, DRAGON)
— interactions with gas (hadronic processes, Bremsstrahlung) and radiation fields (inverse

Compton)

[Dobrynina et al.; PRD 95 (2017) 10]

inverse Compton

wdp/dw [eV cm™3]
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Striving for model complexity is expensive

The curse of dimensionality in Bayesian inference problems:
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[credit: Christoph Weniger] [W. J. Handley et al., MNRAS 450 (2015) 1]
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Simulation-based inference (swyft) to the rescue!

Simulation-based inference (SBI) breaks this curse: (5. Milleretal., J. Open Source SO“VTV'r Srfi‘;i;m
. . . SV swyft ([@e wagina
Use machine learning to learn the posterior-to-prior ratio r with a binary y l K el
classifier to reconstruct posteriors! Neural Ratio Estimation (NRE) Eatt_io i
“ stimation

'See also talk by ,,‘
F. List! |

%@

X,Z ~ P(X,Z) X,Z ~ P(X)P(Z)

In a nutshell: We train a neural network as a binary classifier to tell us if in a pair (X, Z)
Z generated X which only requires a forward model of the physics involved.

SMASHIng | UNG | 8th October 2024 Christopher Eckner, ceckner@ung.si



https://doi.org/10.21105/joss.04205
mailto:eckner@lapth.cnrs.fr

Dissecting the hlgh -latitude GeV gamma-ray sky

== R R I -,,u
Our approach Verrfy and benchmark the performance of our SBI approach on well- '
‘ known terrain before addressing more complex questions about the LAT sky! }

|
| Optlmal smence case: Eprorlng the propertles of the high- Iatltude gamma-ray sky |
Why?

1. Much less affected by Galactic diffuse emission than, e.g., the Galactic center.

2. Limited number of gamma-ray source classes present (majority of extragalactic origin).

3. Well-tested science case: Opportunity for performance of cross-checks!

4. Science case: Composition of the IGRB — Contribution of astrophysical/exotic source classes.

4FGL-DR2 Fermi-LA'l" diffuse model

0.25813 logyy N 5.65761 212917 logyo N 1.81516
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Dlssectlng the hlgh Iatltude GeV gamma-ray sky

*‘ Objectlve Infer the source-count distribution of h|gh Iatltude sources and the astrophysmal ‘7]

“ dlffuse gamma ray em|SS|on and Iocallse the brlght part of the populatlon (detectlon)

—_— = —

Source-count distribution d/N/dS: # of sources N per d€2 with integral flux in (S, S + dS )
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Dlssectlng the hlgh Iatltude GeV gamma-ray sky

*‘ Objectlve Infer the source-count distribution of h|gh Iatltude sources and the astrophysmal ‘7]

1, dlffuse gamma ray em|SS|on and Iocallse the brlght part of the populatlon (detectlon)

— p——

Source-count distribution d/N/dS: # of sources N per d€2 with integral flux in (S, S + dJS).

Forward simulator: dN/dS as multiply broken power law (norm, break positions and slopes)
A  Flux S for single energy bin

from 1 GeV to 10 GeV.
= ' e Correction for PSF effects
Q-‘

using effective PSF derived
from data (gtpsf).
> > Exposure [em? s] » Uses Fermi-LAT non-
uniform exposure.
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Dlssectlng the hlgh Iatltude GeV gamma-ray sky

| Objectlve Infer the source-count distribution of hlgh Iatltude sources and the astrophysmal ‘7]

4
1‘ dlffuse gamma ray em|SS|on and Iocallse the brlght part of the populatlon (detectlon)

—_— = = -

Source-count distribution d/N/dS: # of sources N per d€2 with integral flux in (S, S + dS )

Forward simulator: dN/dS as multiply broken power law (norm, break positions and slopes)
A  Flux S for single energy bin

from 1 GeV to 10 GeV.
= ' e Correction for PSF effects
Q-‘

using effective PSF derived
from data (gtpsf).
> > " Exposure [cm? 8] » Uses Fermi-LAT non-
uniform exposure.

isotropic distribution in the sky

y-ray sky point-like sources diffuse foreground isotropic background
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Source Detection using SBl — Method

y
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Galactic Longitude

[N. Anau Montel & C. Weniger, arXiv:2211.04291]
Source detection in SBI language:
Given the actual observed sky,
what is the probability of
observing a source at a certain

position with flux S exceeding a
certain threshold $,?

pL(S = §yp) = 1,€2 | x)
p(S = Sy) = 1,Q)

F(Q, Sth’ X) —_

3.70586
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Source Detection using SBl — Method

[N. Anau Montel & C. Weniger, arXiv:2211.04291]
Source detection in SBI language:
Given the actual observed sky,
what is the probability of
observing a source at a certain

position with flux S exceeding a
certain threshold $,?

1
1 f ’
, ' > —
L bl ey QS = p(0(S > S,) = 1,Q]x)
e f | o 1(S > S) = 1,Q
3 , p( (S = S§p) = 1,L2)
| i
s 3.70586
_ [(dounts)
Point sodrce
- Wi , e
© EJ._ e L“ . L 7 B u
< W —~ 1 Q1.
= e, LT ,_;-:Ii Ao £ Under the hood: . N
= = | classifier trained on full-sky {H0.9 )
© o data maps - .2}
s 1 < |~ labels are full-sky maps firing : 0.6 <5
E ° at pixels with point sources 403 =
| & — UNET architecture as summary I '
PV § statistic on spherical image data 0.0
30 0% 330 - (“DeepSphere”)
Galactic Longitude [N. Perraudin et al., Astron.Comput. 27 (2019)] Galactic Longitude
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Source Detection using SBl — Results

The shown results concern simulated data with a double-broken d/N/dS using the best fit
parameters derived INn [zechiin et al., Astrophys.J.Suppl. 225 (2016) 2, 18]!

103:"'|""|""|"
N B dV/dS target data 3
dN/dS true positives 7
2 Bl JdN/dS false positives
102k -
@ -
S -
—~
=
©) i
2
101
10"

—10 —9 —8
log,y S [ph cm ™ s_l]

Blue: true d/N/dS of simulated target data
Orange: detected true sources using a cut on
r(Q, Sy x)

Red: false positives (misclassified background
fluctuations)

— Qverall false positive rate here: 7.5% of
total detections.
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Source Detection using SBl — Results

The shown results concern simulated data with a double-broken d/N/dS using the best fit
parameters derived in [zechiin et al., Astrophys.J.Suppl. 225 (2016) 2, 18]!

# sources

e 10_10:---| L L) B B B L) B R R AR i
- B (V/dS target data 3 i = Zechlin et al. (2015): 1p-PDF
i dN/dS true positives C'T_l I t  3FGL (|| > 30°) -
102k Bl dN/dS false positives %D I
: 7 o
_ C\ll 10—11r o i
10 E 8 : +
: e
i ¥
10 E _12
L —
—10 —9 —8 1o-"* 10" 107 107% 1077
logyg S [ph cm ™ s_l] g [Cm—z 8—1}
Blue: true dN/dS of simulated target data dN/dS and Corresponding Fermi-LAT Catak)g
Orange: detected true sources using a cut on to which our simulated data Correspond
(€2, Sips X) — Source positions and fluxes are different in
Red: false positives (misclassified background our target data!

fluctuations)

— Qverall false positive rate here: 7.5% of
total detections.
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Source Detection using SBl — Results

The shown results concern simulated data with a double-broken d/N/dS using the best fit

parameters derived in [zechiin et al., Astrophys.J.Suppl. 225 (2016) 2, 18]!

# sources
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10° p———— T 10_10:"'| SLELELLL R R ALY BN R L
- B (V/dS target data ] == Zechlin et al. (2015): 1p-PDF
: dN/dS true positives 7 C'T_l Lt 3FGL (Jo] > 30°)
Bl (N/dS false positives &y - 1 4FGL-DR3 (|b] > 30°)
107 =B i
- n i AFGL-DR3 (]b| > 30°), y/o flags
- n A :
) lO_HF B R
i . _ v .
10 . ' +
: 5 .
- N
0
: 10—12 11 BRI TTT] B SR BRI ] BRI
—10 —9 —38 10~ 107" 107? 10-°
logyg S [ph cm ™ s_l] g [Cm—z 8—1}

Blue: true d/N/dS of simulated target data
Orange: detected true sources using a cut on
r(Q, Sy x)

Red: false positives (misclassified background
fluctuations)

false positives.

— Qverall false positive rate here: 7.5% of
total detections.

Christopher Eckner, ceckner@ung.si

107

Improvement in number of detected sources
with 12 years (4FGL-DR3) instead of 4 years.

— Sources are flagged if the background is
very bright at their position or they could be
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Source Detection using SBl — Results

The shown results concern simulated data with a double-broken d/N/dS using the best fit
parameters derived in [zechiin et al., Astrophys.J.Suppl. 225 (2016) 2, 18]!

1()3_ e S 10_10:"'| LI R LL] B R B L) LR R
- Bl (/V/dS target data [ == 7echlin et al. (2015): 1p-PDF
i dN/dS true positives C'T_l mock catalog, this work
102k Bl dN/dS false positives %D
¢ %
s C?E 10—“f
=101 = [
: = ,
! N
10" —120nl 0 v vl b b
~10 —9 = Wm0 0 107
logyg S [ph cm ™ s_l] g [Cm—z 8—1}
Blue: true d/N/dS of simulated target data We use the same exposure as 4FGL-DRS3.
Orange: detected true sources using a cut on
r(€2, S¢; X) — Our catalog loses efficiency of ~100%
Red: false positives (misclassified background around S = 10~ cm~2s~!, comparable

fluctuations)

— Qverall false positive rate here: 7.5% of
total detections.

to flagged 4FGL-DRS3.

— In the dim-source regime, it performs
like 3FGL.
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Source Detection using SBl — Results

Now we exchange the target data for the real Fermi-LAT sky; 12 years of data and, for the experts,
SOURCEVETO event class with FRONT converted photons (1 GeV to 10 GeV).

1035 ettt 1
- Bl /FGL-DR4 w/o flags 1

dN/dS true positives :
dN/dS false positives

—_
-
(\)

# sources

—_
-
—_

—_
-
-

—11 —10 —9 —8 —7
log;p S [phem™?s7!]

Blue: true d/N/dS of simulated target data
Orange: detected true sources using a cut on
r(Q, S x)

Red: false positives (misclassified background
fluctuations or new sources?)

— Qverall false positive rate here: 9% of total
detections (catalog-dependent statement;
some might be actual sources)

10_10-"'| L L T TTTT
F ——— SBI (median), this work
{ 4FGL-DR4
AFGL-DR4 w/o flags
inferred catalog, this wokk | ,
10—11 -
10—12 T A ETIT B AR TT BTSN T TT] BT B
o~ 107" 1077 1008 1077

S [cm_2 s_l]
Comparison with 4FGL-DR4 (14 years) for
maximal amount of sources.

— Our framework detects quite robustly
those point-like sources that have low
background contamination (w/o flags).

— In the dim-source regime, it performs
like 3FGL.
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Summary and outlook

The road so far:

e We presented an SBI scheme that is features a realistic simulator of Fermi-LAT data. It is
currently able to localise bright sources in binned all-sky gamma-ray data and to infer the
underlying parameters of the model components. Obtaining at the same time catalog and
population parameters is a novelty!

e The efficiency of our SBI source catalog does not reach the one of 4FGL-DR3 but it is compatible
once flagged sources are removed while we achieve 3FGL efficiency for dim sources.

 The source detection on real LAT data traces the bright part of 4FGL-DR4 while showing better
performance on the clean (w/o flag) sample than the full gamma-ray catalogue!

Future prospects:
e Using non-parametric source-count distributions as simulation framework.

e Extending the framework to multiple energy bins and consequently multiple source classes with
characteristic spectral shapes.

e On-the-fly sampling of diffuse Milky Way foreground from uncertainty of gas structure.
[A. Ramirez et al., arXiv:2407.02410]
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Parameter inference in our SBIl framework

The parameter inference scheme of our SBI framework allows to perform sequential inference in
multiple training rounds based on the results of the previous round.

4 initial prior

p(0)

\ | Involves analytic
prescription or
neural networks to
compress data and
J|derive a summary
statistic.

A prior truncation

~ ~

~

o)

—
S

parameter inference

5
A~ 4
=
S
B
0

Reminder relevant parameters:

dN/dS
S

> diffuse foreground isotropic background
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Parameter inference in our SBl framework — Results

1st round: Amortised information (universally applicable to any target data set) with parameter

correlations; summary statistic: convolutional neural network
it : ! }15

..........................................................
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Parameter inference in our SBl framework — Results
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