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SoTA age determination algorithm S Degeneracies
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* Age problem is multiple degenerate wh e gzﬁ;m

log(Age/ Myr) Counts Wavelength (um)

This work (opt+Ha+NIR)
Henny etal. 2025
* Nogood agreements between methods Henny etal. 2025 i
Filter dependence
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Dataset
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Unsupervised Contrastive Learning (1/2)

In contrastive methods applied to joint embedding architectures, the output embeddings fora sample and its
distorted version are brought close to each other, while other samples and their distortions are pushed away.

L] \ Positive Pair: (

Contrastive

.
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Unsupervised Contrastive Learning (2/2)

Multiple algorithm: MoCO, SimCLR, CMC, CLIP...

T (ot
: Croxcr = —E, 4 .- |lo o (@) 1))
One loss: InfoNCE &t ! g e (F (o) T 1) /7) 45 exp ()T [ (e )/7)
Pros Cons
« Simple * Need negative pairs

 Cleantheoretical grounding
* Noneed for label
* allow to marginalize over known

nuisance effects.

Need large Batch (<4096)
False negative Pairs
Sensitive to hyperparameters

256

4096

Prediction

Prediction

Supervised

256 labels

_ Fine-tunne_d

=~

0,95 0.93 061 098 0

<, i - » .
9% 0.99 1.00 0.96 1.00 0.029)

w

no

Galaxy density [arb. units]

0.0
0.00

“Smooth” “Features [ Disk”

0.25 0.50
“Smooth” “Features [ Disk”

Label
Fine-tuning reuses the pre-trained encoder’s features forad

0.25 0.50 0.75 1.00 0.00

0.75 1.00

Label

ownstream task

Wang & Isola 2022
Chenetal 2020
Hayatetal. 2021

(j) Sobel filtering
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VICReg

VICReg: Variance-Invariance-Covariance Regularization for Self-Supervised Learning, Bardes et al. 2022

2 # observation
of the same cluster

v : maintain variance
c : bring covariance to zero
(@) s : minimize distance
X T : distribution of transformations

Small latent space Larger Iatg(rzl)t/§pace

t~T tt’ : random transformations
One real IS(Z 7
observation of : fouJ g - encoders
¢ 1 ot expanders
a clusters I
1 : batch of images
—_ —-Y'— —— 4 c(Z) X, X’ :batches of views
t'~T X’ Y,Y’ :batches of representations
Z,7Z’ :batches of embeddings
o)
|Ztota_,l — Emv -+ £var . ﬁcov

Original View 1
Advantages:
* No negative Pair
* Possibility to have different branches and input data
* Nomemory bank, No large batch needed
* \Very stable

No batch wise or feature normalization
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VICReg loss
Loss to minimize: Iztotal — ﬁinv + £var —+ ﬁcov

Invariance (-) Variance (+) Covariance (-)
EECEH ER B

OI2]6[5[8Jo] ([B]s[4[2]1]7] ([3[1[8[9]29] [O]8[T[6]3[T] OT1zT6[5[s[0] [S[5a[2[1[7] [BII[s[9[2[9]) [O[S[1[6]3]1]

130 130
e 125 ° 125
1 L0 1 L0
075 (5

S, L,

o o

Losa
vzs

Goal
|1I3I5I6I9IOI“I1I2I6I5I8IOI : . L

sssssssssssssss

Same cluster => Same encoding Different clusters => Different encodings Each variable is a different parameter
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Augmentation

Geometric augmentation SED augmentation Galaxy augmentation
Flip (v/h) Channel Dropout Poisson Noise
Rotation (n x 90°) Ablation / Patch Gaussian Noise

Translation Flux scaling Distance simulation

@ b ‘Weo plo W M=

Augmentations create two views of the same object, so the model learns features invariant to nuisance transformations
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color

f200w f300w

335w

f360w

770w

Exemple of augmentation

f1000w

1130w

2100w

275w

f336w

f438w

f555w

f814w

crop / flip / rot90 / noise / filter dropout / distance

Introduction

Contrastive Learning

VICReg loss
1(x) ClusterEncoder - exgind%; hy e o
H -3 el el s(y1, 32
view 1 Jo BN-RelLU MLP invariance (MSE)
L. ) A #vOn) +v(2)]
.| Normalization on the 1 o [ : :
> I [ variance hinge
L cluster[0,1] I 5 i
c I <
v v v ve() + c(y2)]
covariance
i ClusterEncoder expander h,
- (x)z i 32 - 64 - 64 - 64 A=125
view g BN-ReLU MLP o
=




Encoder architecture

HST - Ha Encoder

!

Latent space
z

Expander

Token
Concatenation

t; = (e) + (ymy)

Self-attention x2
4 heads —d=32
GELU

Metadata m;
MLP

A, AL, pix size

NirCam LW Encoder

l

[ Gradient reversal ]

!

Non-HST filter
identification
multilabel BCE

)

MIRI Encoder
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Results — UMAP

483 invalid rows not shown
151 154 15 f
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Age Structuration Galaxy Structuration Ablation filters study

Candebatetalin prep
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Results — Features importance

Ratio between the norm of the vector that come from the image || e; lland the metadata || ym; ||

Per-filter |le;| vs |mj|| (test split, pre-LayerNorm)

| " mean |ei| BN nircam_sw
2004 “ i = nmiir;am_lw
17.5 7 = ::pha
15.0 4
= 12.5 4 i
Em.n— :L i 5
—l
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7 0B
/
2.5 1 ? ? 5
e /]
0.0 -
R P T s
&FEE S

Candebatetalin prep
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Results — fine-tunning

MAE=0.3363 RMSE=0.4882 R2=0.739 r=0.862 104 Mean Scatter: ~0.45dex e
9,5 {lo=- 11 A
9.0 A 21 2.0
15

% 851 . " :
E & ° 1.0:-?:
S 8.0 i
i O ,-',',“ 0.5 %
4 I A y
F 7.5 " 4
J: :
3] EH
& .j _. 2 40 0 36 |

6.5 !' ;g s 11 » ' —e— Fine-tuning

,/" , : = oi_ ______________ T — ' é === Supervised Training
6.0 1 3 . '3_ '- - 2.8 0.341 —— Spectrocopic Sample
v :"1- 10 T T T T T
60 65 70 75 80 85 90 95 -2 256512 1024 2048 4043
Target logl0(age/year) [dex] 60 65 70 75 80 B85 90 95 100 Number of training samples
Ytrue
Fine-tuned Training Supervised Training Fine-tuned Evolution
4,043 sources 9,000 of the brightest sources

Viana et al. 2026

Candebatetalin prep
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Conclusion

@tellar cluster age is important th @tellar cluster PHANGS dataset\ / Contrastive Learning \
understand ISM and galaxy is becoming bigger, but labels overcome the need of
evolution in nearby galaxies. are currently unreliable labels the dataset
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L3
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FWHM=3.09

FWHM=4.14

FWHM=4.35

C1 - cluster

C4.2 - pair

e -

C3 - association

FWHM=2.40

FWHM=2.69

C4.3 - triplet

Whitmore et al. 2021

Detection of Stellar Clusters

Introduction

Stacked White Light Image

5 HST Filters

Case 8
Baseline
Fixed Prediction
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Outside 24px Diam.
Randomized True Ages
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Outside 24px Diam.

Only Environment

Case 5

Outside 12px Diam.
Only Environment

Model inputs per case Different models

Case 4
Inside 24px Diam.
Only Morphology

Case 3
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Case 2
No masking
Morph. + Env.

Case 1
No masking
Color + Morph. + Env.

Machine Learning for Stellar Cluster
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Viana et al.

Age estimation (supervised learning)
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SFR: Star Formation Rate
GMC : Giant Molecular Cloud
IMF: Initial Mass Function

Why study stellar cluster ?

ISM: Interstellar Medium
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Conclusion
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Project

Introduction

Motivation
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Project
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Long term goals

1. Study the embedding space
2. Fine-tunes with high quality data

3. Go to more complex parameters / quantities with nearby galaxies (M33 / LMC)
as a fine-tuning dataset

4. Make the Neural Network reliable with different combinations of filters
(different cycle)

Introduction Contrastive Learning Results



Results — fine-tunning

UMAP coloured by PHANGS _SED_AGE
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UMAP (Uniform Manifold Approximation and
Projection) is a dimensionality reduction technique

that preserves both local and global data structure
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Neural Network

2 # observation Small latent space Larger latent space

of the same cluster

t~T
One real

observation of
a clusters I
tfﬂk X' H - - ~Y—

View 2 (augmented)

Original View 1 (augmented)

v(Z‘)/'

: maintain variance
bring covariance to zero
minimize distance

oo g

c(2) ;
X T : distribution of transformations

t,t* : random transformations

s(2.2)) for f'g, : encoders
hg, h' 4. expanders

+—>

1 : batch of images
—— 4 c(Zh X, X’ :batches of views
Y,Y’ :batches of representations
Z,7Z’ :batches of embeddings
@)

Invariance: the mean square distance between the embedding vectors.

Variance: a hinge loss to maintain the standard deviation (over a batch) of each variable of
the embedding above a given threshold. This term forces the embedding vectors of samples
within a batch to be different.

Covariance: a term that attracts the covariances (over a batch) between every pair of
(centered) embedding variables towards zero. This term decorrelates the variables of each
embedding and prevents an informational collapse in which the variables would vary
together or be highly correlated.
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SED fitting

log(f,) [mJy]

-1.5

—2.0

SFH: Star Formation History
SSP: Single Stellar Population
Z = Metallicity

IMF: Initial Mass Function
E(B-V) : reddening

1 - Create amodel:

2. SSP (Z+ IMF) 3. Interactions:

| * Dust contribution
;J W * Nebular emission
k/’ . i « Attenuation _
(9.7+3.1) x 10° Mo 1 2 Myr , 02 0.0 mag reddening g i
_ L e Parameters:
{ /\.ﬂ% " e Wavelength [ln?r:]
(MI’NW@\ A ‘)‘/m- 8 ~ @ ot
Mﬁ 3 ] —_ e Age
‘ (liO +2.9) x 10* I\II > 9+2 Myr 1 0.14+0.0 mag reddening ° M aSS
- R ] O.d Cluster .
A 2 - Fit the model to the data: e )  E(B-V)
: .{/ 0;;&‘(’;_;/116;’1::;%5 EMISSION
L i These models can be used to evaluate B -
oA . .
FT"‘j(G.Qj:(J.i) < 10* My, 134 1.1 Gyr 0.0+ 0.5 mag reddening phySICal prOpertIeS based On the
200 100 600 800 1000 likelihood.

Wavelength [nm)]

Turner etal. 2021
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Problems

Degeneracies

10*

103

.........

yrl

102

10!

—— Age =1 Myr - 13.8 Gyr, Z=Zo, M« = 10° Mo, Ay = 0
++ Age = 10 Gyr, Z=Z,/50, M- = 10° Mo, Ay = 0

6 x 107

10°

4x10
Wavelength [nm]

Fy [mJy]
Ay [mag]

6x10

Thilker et al. 2025
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Model assumptions (IMF, component contribution, model, ...)
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