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Aggregate posterior

 Training Algorithm
1. Broadband colours do not properly constrain galaxy properties.
 
2. DSPS connects degenerate combination of physical parameters 
to spectra and photometry.
 

 

• Synthetic dataset generated with 
Diffsky [2]  

• Observed through 18 filters: 
   6 Rubin + 4 Euclid + 8 Roman. 

ENCODER qφ(θ | flux, σ)
 

• Produces a posterior for one galaxy. 
• Returns samples of its 15 physical pa-
rameters. 

 
Pη(θ) 
• Distribution of all galaxies. 
• Preserves correlations

Physical DECODER 
•  Analytical SED generation

Sleep teaches the encoder using simulated examples. 
Wake adapts both the encoder and the population prior to the catalogue.

Goal: provide galaxy SEDs for the chromatic image model. 

• Pixel level inference 
pipeline for unbiased 
shear estimation

• JAX-powered : Auto-
matic differentiation

CONTEXT

1. Draw parameters from current population prior.
2. Generate synthetic photometry with DSPS.
3. Train the encoder to recover the sampled 
parameters.

weight =
 

likelihood x prior 
encoder proposal density

4. Proposals that better reproduce the photometry 
receive larger weights.

Data : Generated by current model

Data : Catalogue photometry

0 1 2 3 4 5
redshift

0.0

0.2

0.4

0.6

0.8

Redshift

7 8 9 10 11
l o g ( / ) 1 0   MM

0.0

0.1

0.2

0.3

0.4

0.5

0.6

de
ns

ity

Stellar mass

truth
learned prior
posterior medians

SED reconstruction

101

102

ob
se

rv
ed

[n
Jy

]
f

object 4618: = 1.31, log ( / ) = 8.68z M M10

1042 × 103 3 × 103 4 × 103 6 × 103

rest -fram e wavelength [Å]

fil
te

rs

Synthetic input SED input SED noiseless bands noisy input

• 15 Inferred parameters: 
	 - redshift 
	 - stellar mass 
	 - metallicity 
	 - 2 dust parameters 
	 - 10 star-formation-history nodes 

• Differentiable forward model connects gal-
axy physics to SEDs and photometry with 
end-to-end gradients. 
• We jointly learns a shared population prior  
and fast per-galaxy posteriors from catalogue 
photometry. 

Why do we need a good SED generator ? Pixel level inference for 
shear estimation requires a chromatic PSF

5 - TAKEAWAYS

SSP

12 metallicities

11 149 wavelengths107 ages

Star-formation
history

Metallicity
model

Age weights

Metallicity 
weights

Combine all 
stellar populations

Intrinsic 
galaxy SED

Dust 
attenuation

IGM 
absorptionRedshiftFilters 

integration

Photometry 
+

errors

de
ns

ity

1 0 2

1 0 3

o b
 s e

 r v
 e d

  
 [ n

 J y
 ] 

f  

1 . 5 × 1 0 3 2 × 1 0 3 3 × 1 0 3 4 × 1 0 3 6 × 1 0 3 1 0 4 1 . 5 × 1 0 4
r e s t - f r a m e  w a v e l e n g t h  [ Å ]

0.0

0.2

l o
 g 

( 
/ 

) 
1 0

 
N
 U T

 S 
t r u

 e 
f 

f Rubin Euclid Roman

true DSPS SED
Inferred SED

true photometry
Inferred photometry

3. Two distributions learnt: 
  - a prior for the full galaxy population; 
  - a posterior for each observed galaxy.


