.
» 1]
. » . .
. L
.
‘ “ \ b
. . '
'
' \
'
.’ ' '
' ’
' '
» '
. ' '
'
] ’ ' '
M 1
. '
p '
' . . '
]
' { '
. . ' o y
’ ’ "
! '
.
'
: '
. ' g v
'
. . ’ '
.
| '
. ‘.
’ ‘.
' 'y
' ‘ . ’ ’
' '
' ! 1 '
'
/ '
; ~ ’ ' » ~
- ’ ’ . ] ' .l
’ '
' .
.0 ‘.
' ' '
.l ' ' » .
' ’
’ »e '
’
’
’ ’
' !
‘,
'
f '
'
L ¢

Talk by Annalena Kofler Image Credit: NASA



@

How can we observe black holes?
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What are gravitational waves?

"5@

Hancfo | 'b.‘ {;
Black holes merge — Emit gravitational wave — Measured Jingston
INn detectors
a Umverse l : [LIGS () Hanfore 1
—> n;':ut ™ MM/\NVV%WF ‘
Described by SO ISR U N R I
phyS|CS l E LIC(J Livingston
parameters memwm%‘#*
HERIS <_ _.:,_T_h“ﬂiill_(ﬁ)...._.l..‘.(.{ =
‘ ‘ | to Met =
Masses, spins,
sky position, ... Measured data d
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What are gravitational waves?

Black holes merge — Emit gravitational wave — Measured
IN detectors

X

0, 0,
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Why do we need ML?

* |ncreasing number of events:

01+02+03 = 90, O4a* = 81, 04b™ = 105, 04c* = 35, Total = 311
3201 *O4a, 04b, and O4c entries are preliminary candidates found online.

» Currently: ~ 5 per week

280 -

260
240 -
220
200

180 | O1 02 0O3a 03b O4a O4b O4c

160 -

o Future: ~ 200 per day

e Standard methods need
minutes - hours for a single event

140 -
120
100
80
60
40 -
20 -

Cumulative Detections/Candidates

« ML to speed it up!

0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300 1400

LIGO-G2302098(e9dd6dd7), updated on 13 August, 2025 Time (Days) Credit: LIGO Virgo KAGRA Coliaboration
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Neural Posterior Estimation (NPE)

A simulation-based inference technique

Prior Simulated data Density estimator Posterior estimate

O “V\J\/W

0~ p0) d ~ p(d|0) [ - log g0 d)]

9 ~ Q(H ‘ d()bs)

Figure inspired by Macke et al.
Friday talk | 13.02.2026 7 Cranmer+ 2020, arXiv:1911.01429



NPE for gravitational waves

» Generate simulated waveforms: 0 ~ p(0), h = simulator(0) — {6, h}

+ Add realistic noise S,(f) to the waveform - A/f\ﬁ ” J\’WM
=L u
1. Sample noise  n'Y ~ #(0, SV) 3
. . = 022
2. Add to waveform d® = p(@) + n® o

strain

* [rain density estimator

Whitened

Frequency [Hz]

Friday talk | 13.02.2026 8 Dax+, PRL 2021, arXiv:2106.12594



Training the model

» Provide data d and noise curve §, to embedding network

* Train with negative log-likelihood loss 2 = — k4,4 4undio) [log q(@\d)]
Embedding
Network O~ N 0 I(Q)

G
N
2
) —
%

YN > Mn

d = Conditional
wi0|d,S,) @ Normalizing
Sn : Flow

Yn

>’ n

q01d,S,)

T
N
2
| —
%
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But what if the model is wrong?

* |mportance sampling to validate model
& reweigh samples towards true posterior

~~ A Gaussian noise

p@|d) L p(dlﬁ)p(ﬁ)\.K

q01d) 20(d) nowr 4(0]d) >

Low w

Target distribution

o Sample efficiency: c=12.56% e =9957%

1.0

2
N 0.8
1 (Zi=1 Wi)

0.6

N N 0 0.4
N zi=1 Wi

0.2

L kY 2.5
15 ° oo QAR
| .. "- ..4..‘- B '
— . ‘ J ,
o ® - .

€

00 a T T T
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

X X X

10 Dax+, PRL 2023, arXiv:2210.05686



Real data is messy

 Data analysis settings vary
* Detectors

* Frequency ranges

 NPE cannot deal with changing inputs

— Retraining required

Friday talk | 13.02.2026
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How do we make DINGO flexible?

* Replace inflexible embedding network Embedding Network ~ |& ~ 4 0,1(0)
' 2
with transformer encoder /\/@1(9‘ 15) 8)
T . d f
» Train with signals of varying lengths ¢ —(wi014d.S,) &)
tati \/ (welds) )
6 Tokens |l|love|gravitational{waves!
9 Tokens |Gravitational wave|datal analysis|is|{the|best. l 101, 5,)
Adjust data analysis settings at inference time Tensormer Encocer_° /'VOJ(Q)
J 4 J T [HL(welds) &)
= DINGO-T1 cH - Feeias) 3
: (01d,S,) &
\Z J\( | )
q(0|d,S,)

Friday talk | 13.02.2026 12 2Similar to Papalini+



DINGO-T1 Architecture

 Shared tokenizer across detector and frequencies
e Extract information via summary token

 End-to-end training

Multibanded
frequency index

Learnable | |- B - 1 RS-

Sumimary L] 5 .

O Multibandi , : as
% I — noli_iel aneng Multl—Hea:d Tokens
Transformer Self-Attention | Attention

Encoder [T

Token
mask

Tokenizer ®) ¢ Normalizing
fmin’ max

H/L/V

0 ~ N(6]0,) p@0\d,S,)

Friday talk | 13.02.2026 13 Kofler+, under review



What can we do with DINGO-T1?

| —
 Same event, different detectors I'.'\ e EL

O ¢
¢ o) <
A\ - g 4,

dr [Mpc]

% 03000 715\00
—

/ﬁ

N
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Summary: DINGO-T1

* Flexibility of DINGO-T1 allows us to do ...

... quickly analyze a lot of events

... change the settings at inference time

* All analyses in this paper would have required training

94 separate DINGO models! ;
Make this plot

e Model & Tutorial online yourself!

Friday talk | 13.02.2026 15
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Flexible Gravitational-Wave Parameter Estimation with Transformers

Annalena Kofler' = Maxamilian Dax'#4 Stephen R Greer® Jonas Wilabergar® Nihar Gupte?# Jonathan Gair? Jaxob H. Macke™ 47 Alessandra Buonanno®f Bernhard Schollkopf #
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Gravitational waves ) Real data is messy:
- "4 “Hafiterd WY 43 events with 17 different data analysis settings

« Livirgston

— ' | » 4
v_“ m‘d\ \ q M 'l + Missing detectors
’- : - -
\Y} “U”\Q d‘/’ \“ h ! )‘ P\"\J\P\? 44 o —— " Changes in fiin & Jra
\ N 24 ‘

"1+ Remove small range

. ey - : - 2 - [J'i;.vwf f:r.;ll
Goal: Analyze signals — posterior distribution of black hole mergers

Problem: Heal datz is messy

summber of evenls

— Re-train model to adapt to diffierent data analysis settings :
) ) N ) A, p 4 naarn 1o
Solution: Flexible transformer architecture and masking procedure =9 — We would need ta
during traning : tran 17 different
i 2 DINGO modals!

/ DINGO (Deep INferance for Gravitational wave Observations)
10°

Standard architectura(!2.3 .
LS 7 ~ JV(U) Frequency [Hz]

. A0 4.5 5E)  Conditional
Signal d(f)
Noise PSD 5, (/)

1

) @) Normalizing Validation with importance sampling!
L Flow

}7:},7,( 6)d.S,

Compare learned NPE density and likelihcod

ResNet J— — XN —
Fmbedding - . g(@|d) gl d) _ Praposal (NFF)
Netwacrk ‘ .

- ?igor:irlzg :r:-t.c:rior: N ( E‘]-
DINGO-T1: Architecture
Multibandod ' — Flexible analysis
u cmpieny, e % \
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Mullitianding
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™ RecNet o l
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min e Tas Troanstormen
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/LAY Encoder

= Joint end-to-end training l Fraal Furwmcd
. [ Nonmalizing
+ Handomly remove tokens /o .

- fevoy

o mimic missing data :
& 8 _§(&| 00)

Masking strategies Performance

Fardom maskisg a) Simulated data TQSts Of
general
relativity

Samples

- Analyze inspiral
and postinspiral
Date-besod Imiking part of signal
separatsly
Check whether
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