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One galaxy — many views of the same galaxy

Different observables probe different aspects of the same underlying physics.
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The physics is shared, but the information is distributed
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But what we really want is the physics

The challenge is connecting what we observe to the physical processes that shape galaxies.
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The challenge is not just obtaining data - it is connecting the observables back to the underlying physics
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Traditional approach: information is fragmented

One galaxy
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e e e Many more tasks

TRADITIONAL APPROACH

Many disconnected models
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Different tasks, different
labels, different models,
little information sharing

One galaxy. Many models. Limited information sharing
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Can we learn one representation for many scientific questions?

Many types of observations One shared representation Many scientific questions
Imaging Photometric redshift
morphology distance
& structure
Spectroscopy Stellar mass

how much mass
gas, stars e
in stars?

& kinematics

Star formation rate

SED / Photometry
N how fast are stars
stellar populations formine
sediist orming?
Infrared .AGN actlwty.
is there an active
dust-obscured black hole?
emission .
Mergers
X-rays s is the galaxy
high-energy ° ; interacting?
processes LEARNED REPRESENTATION
captures the underlying Anomalies
Time domain - information in the data does it behave
variability & unusually?
transients
oo e
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Learn once - reuse across scientific questions
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The key shift: learn the representation before the labels

Self-supervised learning
(one model, many tasks)

Supervised learning

(task-specific)

Labeled data Large unlabeled survey data
Images Spectra Photometry / SED IR X-rays Time domain
z=0.53 i Jpos [
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Labels define what the model learns. Learn the representation first. Ask the scientific questions later.
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From learned representations to foundation models
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Example: multi-modal
foundation model
(self-supervised learning)

Pretrain once on large, diverse datasets — then adapt to many scientific tasks.

What can we do with
the representation?

@. Galaxy evolution
-
@ AGN physics

Learned
representation

Dark matter
& environment

o
q Rare & unusual

populations

Scalable inference
& predictions

Foundation models themselves can become scientific objects
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Foundation models learn galaxies, not labels

We train on data, not labels, to learn general representation of galaxies that can be reused for many scientific problems.

MILLIONS OF GALAXIES SELF-SUPERVISED LEARNING MANY DOWNSTREAM TASKS
Many modalities, no labels Find patterns, correlations, Ask any scientific question
and shared structure

WHY FOUNDATION
MODELS?

@ Morphology classification No labels

(or very few)

@ One model
many tasks

.

I I Photometric redshifts
* Stellar mass & SFR

PR T R
./ﬁ\/m\/ﬂ/”:

Learn once,
reuse everywhere

\ @ AGN detection & properties
J
X T . Transfer across
PHYSICAL REPRESENTATION b @ Merger.identification D) surveys &
(LATENT SPACE) \ instruments
A compact, meaningful description t Anomaly detection
of each galaxy \ Q (rare & unusual objects)

Better performance
with less data

Aeils ar A AAA -

Time Time Time " Time

Unsupervised clustering

Simulations & theory
comparison

No labels required.
We let the data speak.
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Learn once - reuse everywhere.
A foundation for the next generation of astronomical discovery



mailto:msiudek@iac.es

A new generation of astronomical foundation models
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Astronomy is moving from task-specific networks to reusable foundation models
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AstroPT as an example.
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Spiral galaxies
Trained on photometry
(VIS) Source: EC: Siudek et al. (2026
A representation learned without physical labels can still organize galaxies by meaningful properties }
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AstroPT as an example.

Trained on photometry
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Multimodal foundation models — what if we add spectroscopy?

AstroPT trained on photometry and spectroscopy as an example.

How we combine imaging and

UMARP of the joint representation

objectives

spectroscopy Joint multimodal transformer 6 Density
IMAGING — EEE - -EBEER B High
morphology, Image i » (11 BN | | 3
structure encoder | fok
7 mage tokens [ EAE ~
TE
. ' Z 01
SPECTROSCOPY © Joint
stars, gas, Spectral \I/ embedding
kiner;’}atic's —_— e — . . . eee . . l (latent representation) 34
= = = Spectral tokens )
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BEE -BBR BEE BB e H s i @ Different encoders for each
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" S <2 Autoregressive transformer processed by a joint
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g J : o8 A4 s O S S 'Y PO S token (causal representation
image-spectrum (contrastive) o ; = — r——r language
pairs in the joint : —— ‘ BEE--DB = BEER 0200 :!L_;J modeling). @ Trained with contrastive
embedding space. 1 t e (CLIP) or autoregressive
EEES &

. Image tokens . Spectral tokens

. Joint embedding i@ﬂ Separator token [:3 Special / predicted
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Multimodal foundation models — what does each modality contribute?

z log Reg log SFR log F(Ha)

AstroPT as an example.

Images

Spectra

LAASTRO 2026 3™ edition: Deep Learning for Galaxy Formation: M. Siudek msiudek@iac.es
Joint

Different modalities encode

different physical information
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Multimodal foundation models — what we can gain?

K AstroPT as an example.

£

3

= 0.6 Q?’" B Spectra Supervised Baseline
é ' 2 1 Images Supervised Baselines
£ .

S f gain

z 0.4 =

‘_(; a X 'q'ﬁ

£ 21:: 0.2 & & -

S e N2 &

2 0.0 -_— e = e e - - e B . = = = o e
8 w@% ! -"v 9'@% |_'»| w@b l§l I '»I >
5 oD @ D o D DD D P P S b N S

S MFFFFSTE e &SN

o \060 60\ & Q T 2 e 6\' Q 00 “b

> & 3 NI o 5

'<7> & o

< AN

Trained on

photometry + spectroscopy
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Can we use this representation to search?

AstroPT as an example.

Query Euclid k-NN #1 DESI k-NN #1 Joint k-NN #1
ID: 39633432778638992 ID: 2305843021687554359 ID: 39633523094586296 ID: 39633481206072421

] T000 SO 9000 1000 5000 GO0 7000 000 9000 1000 5000 6000 7000 5000 9000 1000 5000 GO 7000 SO00
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Joint similarity captures both imaging and spectral properties
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Does multimodality can reveal something new?

\_

UMAP-2

ellipticals

Star-forming
disks

Edge-on
galaxies

Stars

Learns correlations between galaxies

AN

images + SEDs/spectra,

~300k sources (Siudek+25a, Ronceray+26),

AstroPT as an example.

Bad cutouts, cosmic rays, weird spectra

4 ° PHYSICAL CORRELATIONS N o SINGLE- MODALITYANOMALIES\
Morphology
® Quenched

R

AN

39633465510305447
z=2110

39633448847019702

z=0.042

»

eal rare sources - QSOs, strong gravitational len

S

J

+ improves photometric redshift, physical property estimates (1% of labels),

* identify rare sources.
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Multimodal disagreement/similarity can expose rare physical sources
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But what exactly does the model learn?

Flux [Wy]

AstroPT as an example.

1800, 's00
Alnm]

Stars/spurious sources

- 8
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[ — t
[Am] xni4

-~ L. ol ‘ : . y Source: EC: Siudek et al. (2026
Trained on VIS + NISP + = ' Spiral galaxies
— B

Edge-on galaxies
P

Flux [Wy]
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The representation captures both astrophysical structure and patterns introduced by the observations }
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Can we separate astrophysics from the instrument?

Learn what belongs to the galaxy and what belongs to the observation.

Same galaxy
Different instrument

(e.g. Legacy Survey) PHYSICS

g Encoder | 2 _

(physics) physics

//7 e 777'\
Anchor image ;@’
Same galaxy '

Natural
augmentations
Same galaxy - / N

Different instrument N
& J (e.g. HSC) 4 INSTRUMENT |\

Encoder
| (instrument) 1 \

Input data

z instrument

—>

Decoder | —»
(generative) ‘

Reconstruct observation

Target (anchor) image
Same galaxy + instrument

Conditional Flow Matching

-

noise &

image

p(data | Zinstrument thysics)

Mercader-Perez+26 (adapted)

We learn to separate intrinsic properties of galaxies from the effects of the instrument

generated |
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R2

Does the separation actually work?

The physics latent retains galaxy properties while suppressing instrument-specific information.

Physics-Related Properties Instrument Properties

1.0 -

08

0.6

04

EE AION-1 BE Untrained ResNet-18 [ Cross Predict ResNet

Legacy HSC

[ Physics latents I Instrument latents

Mercader-Perez+26

The two latent spaces encode different kinds of information
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Can we connect optical observations to X-ray emission?

Different wavelengths probe complementary aspects of galaxy and black-hole activity.

1.5

1o ADPREtEE |

1.5

I
1.3

1.0 - -Vveud - -

1.3

I B

elnformatlon Gain

1.0 f---=-r-=--—1

1 T T 1 1 T 1
025 050 075 100 125 150 175  2.00 & 2 Botiger+26
Redshift Redshift

The information is distributed across wavelengths — combining them gives the strongest constraints
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How much of the X-ray emission can we recover?

Joint model nearly doubles the explained variance for AGN/galaxies — but most X-ray variance remains unexplained.

o i Qso AGN / galaxy
(point-like AGN) (host-dominated AGN)
Spectra (DESI) N o | I o022

Images (Legacy)
WISE (mid-IR)

Redshift (DESI)

All modalities
(z + spectra + WISE + images)

Bottger+26

ML4ASTRO 2026 3" edition: Deep Learning for Galaxy Formation: M. Siudek msiudek@iac.es

The multimodal gain is largest for AGN/galaxies
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We now turn to science: using these
representations to understand
active black holes (AGN) and galaxy evolution.

' Each observation reveals
L a different piece of the same system.

m— |
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«/ \
\g/

/R X-RAYS
/ high-energy processes

INFRARED

dust & obscured emission

. MULTIPLE MESSENGERS

complementary views
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Why conventional AGN selection is incomplete?

Different methods see different AGN.

X-RAY SELECTION OPTICAL SELECTION INFRARED SELECTION

X-RAY-AGN OPTICAL-AGN

ML4ASTRO 2026 3" edition: Deep Learning for Galaxy Formation: M. Siudek msiudek@iac.es

Sees energetic regions Sees stars and gas Sees dust-obscured active
close to the black hole in the galaxy black holes
Siudek+25 (adapted)
& ACTIVE BLACK HOLE CENSUS: DWARF GALAXIES:
| >4 Only 1 in 10 active black holes Theory predicts many active black holes (20%),
..‘ are identified by multiple methods. e observations find very few (<1%).
(Siudek+25) (Reines+13, Pacucci+21)
The AGN population depends on how we look at it 1
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Multimodal information recovers hidden AGN

CURRENT AGN
SELECTION METHODS

7.4

55

OPTICAL
Emission line
diagnostics

Partially complete

X-RAY
High-energy
accretion

Partially complete

INFRARED
Dust-reprocessed
emission

Partially complete

MULTIWAVELENGTH SED FITTING (e.g., CIGALE)

UV-Optical NIR MIR FIR-mm
10°
102 4
10’
> ,
2 | {
2 0 J
>:< 1074 ¢  Observed N N\
— { \\
Bl e SED-AGN recovers
10 i o Stellar emission \ / 0 i
e \ ~50% of AGN missed by BPT
2l -uu.
19 M \ ~85% of these are confirmed AGN by
| === AGN accretion disk % other methods
10—3 L L= ) . —
10 10° 10! 102 103
Siudek+25a (adapted) Wavelength (um)

WHAT BECOMES POSSIBLE?

a

T4
@

w

1t

Recover obscured
AGN missed by
individual methods

Estimate the AGN
contribution to the
total energy output

Separate star
formation from
accretion

Measure physical
parameters
consistently

Combining complementary observables reveals AGN missed by individual diagnostics
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Reliability (%)
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Scaling multimodal learning to millions of galaxies

Combining imaging and morphology enables population-scale AGN discovery.

mid-IR (WISE) .
g EUCLID Q1: 8 AGN-selection methods
Gaia UMAP
@ IH-gz
Euclid colors
Aizenberg, Stern & 75
Euclid Collaboration (CWR) ® 0ng 0 0 0
— [ + traditional selections — reliable but incomplete,
edaf +  Euclid colors — better trade-off,
’ Quaia
* UMAP: A 25-D colour + morphology representation
improves the completeness—reliability trade-off
@ GDR3-Qs0 @ JH-IY
@ B24A Aizenberg, Stern + Euclid Collaboration (under Collaboration review)
See also: Siudek+18a,b, Hviding+24, Dubois+24, Gouldman (in prep),
Siudek+25a
T T T T
40 60 80 100

Completeness (%)

A learned representation can scale AGN selection to millions of galaxies
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Recovering hidden AGN in latent space

Hidden AGN recovered from low SNR spectra.

. @ AGN @ STARFORM @ OTHER/PASSIVE
15 - DESI EDR: Recovering ~10% of AGN from noise

« ~10,000 AGN spectra in the sample,
« ~1,000 (10%) missed by optical diagnostic (BPT) due to low SNR,

10

o | i
a S5 * 94% (+/-2%) of these are confirmed AGN by other methods &
< stacked spectrum.
% 0 4 AGN diagrfstic Lnethods usii
AGN Diagnostic Method Number of Sources (%)
( Total unique active black holes detected 1048 (93.5%) ]
| Detected by = 2 methods 887 (78.9%)
— 5 Detected by = 3 methods 523 (46.6%)
Optical AGN (non-BPT) 974 (86.9%)
BPT: Scyfert (robust) 176 (15.7%)
. Mass-excitation AGN 822 (73.3%)
Alcolea, Siudek+26 WHAN: Strong AGN 792 (70.6%)
- 1 0 3 WISE colour diagnostic 317 (28.3%)
Y ¥ Kinematics-excitation AGN 294 (26.2%)
BPT (Seyfert/LINER) 239 (21.3%)
— 5 0 5 1 0 1 5 Broad emission lines 216 (15.3%)
QuasarNet reclassifies as QSO 167 (14.9%)
U MAP_ 1 BLUE diagram: AGN 97 (8.6%)
Ne V AGN 85 (7.6%)
Redrock QSO template 81 (7.2%)
. . Mgll broad line (afterburner) 46 (4.1%)
Spectrum — learned representation — latent space — AGN candidates WHAN: Weak AGN 34 (3.0%)
He Il BPT AGN 22 (2.0%)
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Latent space can reveal structure beyond classification

Similar objects cluster — and continuous paths can trace galaxy evolution.
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Y \ /

'\ 1 o

Y sre Y ? SFC

/ " Dubois et al. 2024
Ll
SF vB1 Z=12
Very Blue

LATENT SPACE ACROSS TIME

+ SDSS (spectra):
— spectra clusters in classes,

« VIPERS (UV-FIR SEDs):
— superpass WISE AGN selection,
— found overmassive AGN in dwarf galaxies,

+ SDSS + VIPERS (spectra):
— evolutionary tree,
— AGN branch.

+ SDSS + DESI (spectra):
— pushing to high-z.

Fraix-Brunet+21, Siudek+18, Dubois+24, Chambon+25
See also: Siudek+18a,b, 22, Pan+20...
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Overmassive black holes in dwarf galaxies

~

Where we found them

)

52

I class 12
E class 11
Hl class 10

B class 9
class 8

B class 7

B class 6
B class 5
I class 4

S1

I class 3
E class 2
I class 1

|

Siudek+18a,b, 22, 23

Hidden population of AGN

N J

Finding unexpected AGN - from VIPERS to JWST.

~

/Q Two orders of magnitude overmassive

10.0 »
B Our sample (z~1-3) A
951 m JWsT (z~4-8) o
90l * Mezcua+23 (2~0.4-0.9) bl
8.5
o
8.0 =l
—_ L
275
S
B70{ » ! y {
% i - )// L]
S65 N
S
6.0,
5.0 /'/ /=== Shankar+16 (inactive, z~0)
P 4 // -—- RV15 (z~0.05)
4.5 s / — Suh+20 (2~0.05-2.5)
- Vs /," -~ Pacucci+23 (z~4-7)
J = =t e S = = -
7.5 80 ‘85 9.0 95 100 105 11.0 115 120 1255
log(M./Mo)
Mezcua,Siudek+23

12 overmassive BHs in dwarfs at z~0.7

4 a Similar to the early Universe

® Black hole-to-stellar mass ratio

Our sample

—_— e JWST (2~4-8)
=5 -4 -3 =2 =1
log(Mgn/M.)
Bolometric luminosity (erg s™?)

@ * Our sample

& JWST (z~4-8)
1043 1044 1045 1045 1047
Eddington ratio
Our sample

@

1073 1072 107! 1
Mezcua,Siudek+24

JWST (z~4-8)

o

Dwarfs at z ~2 share properties with JWST AGN
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AGN feedback written in the data

| . o« . .
s The latent space reveals a sequence from star formation to AGN activity to quenching.
=)
2 )
£ 1-2 Star-forming
Xx
3 151 Strong emission lines, blue continuum
.;_; 1 Rest-frame Wavelength (um)
= o o H 0.3 0.4 0.5 0.6 0.7 0.8 0.9
= *, Star-forming = 30 =2 —
.S 101 T 25] & s 3 % g
‘g E 25 Ea % 3 2 a
&  L-5 Passive 2 g5 25
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Representation learns real astrophysics
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The next step: the multimodal astronomical universe

Images Time-Series Spectra
# examples 140M 4.5M 225M
images in a variety of multivariate time-series of flux +
Description wavelength ranges, including uncertainty in different wavelength flux as a function of wavelength
optical and infrared ranges
galaxy classification, physical time-series classification,

Tasks physical property estimation

property estimation redshift estimation
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Enabling Large-Scale Machine Learning with 100 TB of Astronomical Scientific Data
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*slaps roof of universe*

'this bad boy can fit so much data in it'

MMUvV1.5 now includes Euclid Q1, JWST COSMOS-Web, JADES, ZTF

MMUxHATSxHuggingFace

Polymathic
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From models to astronomical infrastructure

Data and Tokenization

= 0.22>HEE

Physical

Parameters

AION-1: Astronomical Omnimodal Network.
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Imaging
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Machine learning is transforming astronomy by moving us from measuring individual properties to learning the
physical representations hidden across complementary observations
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