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Why do we need a good SED generator ? Pixel level inference for Encoder = Physical decoder
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CONTEXT TRAINING ALGORITHM

1. Broadband colours do not properly constrain galaxy properties.
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1. The encoder proposes K possible parameter
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2. DSPS connects degenerate combination of physical parameters Sleep  (Data: Generated by current model) v,
2. DSPS predicts the fluxes of every proposal.
to spectra and photometry.

1. Draw parameters from current population prior. 3. Each proposal receives an importance weight:

12 metallicities 2. Generate synthetic photometry with DSPS. 4 h
3. Train the encoder to recover the sampled weight = likelihood x prior
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Update encoder and prior L 4. Proposals that better reproduce the photometry

receive larger weights.
1 wake epoch L )

Sleep teaches the encoder using simulated examples.
Combine all —.| Intrinsic Wake adapts both the encoder and the population prior to the catalogue.
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- a prior for the full galaxy population; S S
- a posterior for each observed galaxy. 02-
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2 - DATA SED RECONSTRUCTION
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