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What 1s our goal?
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What 1s our goal?

Vo L

\w\\_M \ 1.3

Inverse problem: We have Qb and the filter functions F. What is i ?
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Two step solutior

Optimize: Hf(ilj‘) — y[

latent space of x
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Two step solutior

Optimize: Hf(ili‘) — y[
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Two step solutior

Optimize: Hf(ili‘) — y[
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Two step solution - learn

Optimize: Hf(ili‘) — y[
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Two step solutior

Optimize: Hf(il&') — y[
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Two step solutior

Optimize:

|f(z) =yl
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Two step solution - infer

optimize: || fley=7[°
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Two step solutior

Optimize: /UM

latent space of x
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Two step solutior

Optimize: /UM

latent space of x
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Two step solutior

Optimize: /UM

latent space of x
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Two step solution - infer

Optimize: /UMQ/

|Ff(z) — ol

latent space of x

9/17/25

spectrum space

a R

9.0
3.8
3.9

i

S P

photo space

9.1
4.2
Bud

i e




Two step solution - infer

Optimize: /UMQ/

|Ff(z) — ol
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Scale 1nvariance
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Scale 1nvariance

® o
A
° O spectrum space
X,
. -
X change in scale doesn’t change x

latent space of x

9/17/25 20



How to model f?
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Latent variable modelling
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Latent variable modelling

Neural Network

Fit input points

Train model

O
Xl
@ O
X2 X3

low-dim data space

9/17/25

D-dimensional data space
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Latent variable modelling
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Latent variable modelling
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Latent variable modelling
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Bagging — bootstrap aggregating

o0
" X N Original Data
000
Sampling with
| ! replacement
XX X 0 o000 0O
000 000 000 00 0 ©
0 00 0 L N 00

~ 63.2% per sample

9/17/25

27



Bagging — bootstrap aggregating
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Ensemble of models

All trained
separately
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Bagging — bootstrap aggregating
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Combine to single prediction
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Bagging — bootstrap aggregating
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Bootstrapping

Aggregating
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Latent variable modelling
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Ensemble model
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Can 1t capture structure?

intrinsic structure

Rubber duck from 72 angles

9/17/25

32



Can 1t capture structure?

intrinsic structure

Downsampled to 16x16 pixels
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Can 1t capture structure?

intrinsic structure

Downsampled to 16x16 pixels
Each image scaled with random factor
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Can 1t capture structure?

intrinsic structure
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Example reconstructions
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D1iscussion

Ensemble Decoder Model ...
+ Adapts to spectra

+ Can scale to large datasets

- Needs parameter tuning
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Thanks for your attentlon'

follow us online

“ @Astroinformatics.bsky.social H /HITStudies I: /TheHITSters
@Hitster.bsky.social
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