What can we learn from the
XMM source catalogue?

Simon Dupourgue & Erwan Quintin

Al @ IRAP (2025)



XMM-Newton

XMM & the 4XMM catalogue

‘.
.
L, g
L LA A
S
i - “ -\w
-, .
~ -
£. *-,'m. Yeu
. Ny, P .
R
Chd, 2.
. O
A" | ™

,
L)
T, A e v,
A A .
) -
o« ‘Q, -

é ’
... « o c
'
“, . » > - :
g . « 2° 2%
S e
v’
- 4 4
”
- J*
a o 4~ 7
4 s’

'
4
r
>
-~

-
b
L
-

*»
v ..
.
-
L]
S
-
.

i

r.

VA
.-I..‘\l.“\ - ) l.

- '*y
. A ‘.$ s iy

o N
.:*"il %
S ey
n
LI |

1, ..~;~

\.. .‘l
“ '-. [ 4

A

.
-



XMM & the 4 XMM catalogue

XMM-Newton

Exotic sources
Uncommon sources :



XMM-Newton

XMM & the 4 XMM catalogue

L R a ~ - 4 - \
\- -~ -
£ .'~¥ f"" ‘.‘~ 3 . ,\"
- fl 'J.’ A . 2 i e
2 o D" 4
T =y > ¢ 4 "

- ".‘.‘ ‘ s - - ” “"(. ~

";_N )y s
Y ¢ o 3
! P M e d.-'/’-"’ o
K y ,f-c‘.' VA' Ay ‘
> T s ‘9‘ ’
L ~ ' A'f #
L -~ ! ..Q)’
'." '. »
O
L
.‘.. -

e Exotic sources
Uncommon sources -

~ Tare
“,. .
- P Y
.:\,.§\ "o ‘:‘. Be= g
AT
s.'.'s.. .,.’ . L \ -
CTC S R
- - S
% N ‘ ™ ey w s ~
. o 'ﬁ‘ T et .
- ) P £. .4 " 4
- " " SR N
v ' L
R\ "'P\Q\ “’““." s b (." '—l-.f - R
- LQ o A . o, e VN
. . " - :
TR R O PRRS T B \ﬂ, “a
e > ) AR5 VNS, ¢
. fai " ‘? WS S -
— CAay . " ol AT S
- - . .
S S I o Y 7
o w 2%t O, S, Y v
" ..". “.L ' 4 » A w ! |V\'.'."
W . -
W TiegMad O N N ST
v - ; \‘_ - . [ T = .
‘ > " "\ 3 .; n.. . > L . '
& . ) ’u'b - . ..
l:. ) N .- ., 4 - o\ > k v
< P L T h -;f \ LES
' - > . . ’
‘ 1 . v - A
e K™ o, YOS
4 « -t '&: - p .. L "
£ R v o S . - O
Q"‘ - " v » ’. t .‘".".\' »’ . . I N .
o,t&. L 1. 3 "I"‘_ Jeow ;‘.- *.. I?‘
\ . 4 » :J f’, v, ' nl 5
& ve '_‘ o’ e ® &: S TS ﬁ.f
v r -
-~ . \e . S " A
Ly . - _ )
T ’ " & " ¢ ‘. o
, s ~
. ' ' o s _l_' ' ‘ ‘; .f"

« =i



XMM-Newton

XMM & the 4 XMM catalogue

T

-
.4. .‘! “.
. - ‘o L
.\, \.-_"‘ Sedm _.' -
. e » e .‘ N
9 e Th .
o.\';‘-_"‘_:.'_ N - *

« =i

- .,1.. - e o . Yo
= - ‘o v £ .s ..' 4 )
. > e s 0 N e
s N ' A “r
\ lLQ":'P\Q\ Bt s - . "n-'.f N »
» 8 \. Toh R o, Tea WC
2 - LI 3 e . "
. PR RS T N Ii,\ e
el R > Cale b T
. T T D IS S S
e, QALY . PO My b :‘
..,.~ @, ~ K ‘. - . t .-‘f‘. ) = “Rs.
! - E'*'s. \'T - N, » .
' 2 ‘\ S VA
1 . | 8 ;) », o L L \. A
s - . '\ e ? ! . ba s - "‘~.-‘ ~l
¢ 4 =~ g \ ‘\ ‘.‘\'I > .\ . *:"
‘ o %~ L ) )+ ‘A- " ! L ™ . ‘. 5 .Ln
& - ) ’u" - ". g‘h ’
" X — . . ., 4 - 5 =k ~ .'1'_
< P “r. « N 8 . a LIS LR
" & :,‘ - LN, *s
P el \ o .~ - AT
< / &' ﬁ s Ilu‘-f -h o~
- h &~ - ¥, .
¥ 2 a ©F S A VS R I |
Q. . S = r t .‘.:.Q\ o ! 2 ' r'
y A 3 y s, A . N
e v el 22 et Nl ot 2 9"6'.
% > SO RN iy A T e 18
: \.‘ . .‘ 4 J. f" % - L N V’ "')’ -
Y - ®Ke ¢ ¢ ) i e 6
» . , . . T AG
-‘. " M '5- A
Yo é ! e
. 5 V .
. ' 9 _.l_ ‘ ..‘;' " M
... Ny l’

'a o A 7 R - -
Ty > ¢ 43 " R
A f ’ ~ OT ’ » / 4 {‘ ol
’ “. ¢ > ' 3 “°'* b ) »

. - ".‘.‘ ‘ s - - ” “"(. ~

YA Y . i
v " 5 w 7 e 2 7
r r v - 2 3
‘.‘ A’ r > . {C .',ﬂ,°" y -
c ’ I‘.f‘, v‘( '._-,c'. ' d
L. .
-~ ‘%- A.,-'u’ ‘y 4
.v" . "")f
i
" L o
e -
b R
P
-‘.. -

e Exotic sources

Uncommon sources :



XMM & the 4 XMM catalogue

XMM-Newton

Exotic sources

Uncommon sources :












Automated source
extraction pipeline




Automated source
extraction pipeline

Each XMM
pointing brings ~
100 serendipitous

sources




Automated source +20 years of

extraction pipeline service

Each XMM
pointing brings ~
100 serendipitous

sources




Automated source +20 years of

extraction pipeline service

+13k pointings

Each XMM
pointing brings ~
100 serendipitous

sources




Automated source +20 years of

extraction pipeline service

+13k pointings

EFEach XMM
pointing brings ~

+ 1M sources to
exploit
100 serendipitous
sources




Automated source +20 years of

extraction pipeline service

+13k pointings

Fach XMM + 1M sources to
pointing brings ~ exploit
100 serendipitous

Focus on

sources
spectral data
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extraction pipeline service

+13k pointings

Fach XMM + 1M sources to
pointing brings ~ exploit
100 serendipitous

Focus on

sources
spectral data

What can be achieved through the self-supervised
learning of spectra using the 4XMM catalogue ?




Tentative work!
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Autoencoding the spectra

Information bottleneck

Observation space Observation space

High dimension High dimension
Latent space

Low dimension

Reconstruction loss between the

input and output (Poisson/Cstat)
7(5.8)=8-Slogd

Denoising, Clustering, Outlier detection ...
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Going variational (VAE)

Latent space
Low dimension

4 6
Energy [keV]

Sampling € and feeding it to the
decoder produce a distribution of
spectra from a single spectrum

(Great synergy with Poisson loss) 6
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S(E,0) = ) ®;(E) X c;(6)
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Decoding is the hard part

Trunk Network

................. : Predicts a set of basis
MLPs are not function to combines
. performant at :

decoding '

Switch to a

DeepONet
architecture

Branch Network

Predicts a Way to e.g. coefficients for

linear combination

combine the trunks
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DeepOnet implementation

Trunk Network Branch Network
Suited to reproduce

ohenomena such as

blue/redshift
H

Uses a SIREN network to Standard MLP

learn continuous features
o gt * Amplitude &

e Shift ¢

Imaginany,

e Smoothing a

Truth RelLU
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Latent space
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Predicted spectrum
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Latent space
[2 dims]

Predicted spectrum
[238 dims]

Count spectrum
[238 dims]

g S B
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475 206 parameters (1.9 MB) trained with AdamW (Ir = 10~*) for 25000 epochs
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And now, some
cherry picked
results!
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Conclusion

e Auto-encoding the XMM catalogue demonstrates
the amazing science that is feasible with Machine

Learning applied to large scale surveys What to do next ?
e Having a compressed & meaningful representation :

of the sources spectra help in studying the nature &
the variability of these objects

* Hyperparameter tuning
e (Clustering in the latent space

e Looking for similarities between sources in the * Exploration of latent trajectories

atent space can help us in finding interesting
objects in the catalogue haystack

Still we have a lot of work to do before we can publish this
Stay tuned for Dupourqué, Quintin + 2027
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