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Τoy Spectral 
Cubes

Synthetic 
FIRE [CII] IFU

ALMA [CII] 
Observations
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2D-1D Wavelet Decomposition

Reweighted Iterative Soft Thresholding (IST) Denoising

U-Net3D
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Benchmarking toy cubes

Spectral shape recovery

(Aperture-based) 
Hallucination 

Quantification
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Application to [CII] 158 μm 
observations from ALMA: 

1. Resolved & Unresolved 
CRISTAL samples 

2. Quasar: W2246−0526
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Beyond Moment-0: Galaxy property inference 
from High-z Spectral Data Cubes

Arnab Lahiry, Tanio Díaz-Santos, Jean-Luc Starck
Niranjan Chandra Roy, Daniel Anglés-Alcázar,
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• Use synthetic simulated IFUs and use machine learning to go ‘beyond moment-0’ 
and constrain a physically motivated and realistic relationship between emission 
lines and physical properties. 

• Analyse whether the information from the spectral axis contributes 
significantly to physical property inference, and compute significance scores

• Aim to improve SFR constraints for observational sources

M O T I V A T I O N

Current norms for resolved sources involve computing empirical 
scaling relations between the moment 0 map/luminosity (surface 

density) and the star formation rate (surface density).
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Synthetic IFU Spectral Cubes & Physical Properties - FIRE Simulations + CHIMES + RADMC-3D
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Multiple Inclinations (Individual Runs)
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Corresponding Physical Properties
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GOALS 
sample

Global scaling relation between [C II] luminosities and SFR
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SFR Thresholding + 
Log10(..) scaling + 

Z-Score Normalisation

Selection of M << Nsamples 

virtual Inducing Points 
(Dimensionality & 

Complexity reduction)

Input: Nsamples X Nlines X Nfeatures  

[C II] 158 μm  

…

[N II] 122 μm  
Integrated Luminosity (L☉ kpc-2)
Mom1 - Velocity Centroid  (km s-1)

Mom3 - Skewness (—)
Mom4 - Kurtosis (—)

Mom2 - Velocity Dispersion  (km s-1)[N II] 6585 Å  
[O III] 5007 Å  

Target: Nsamples X Propertyi  

Stellar Mass - Σ✩ (M☉ kpc-2)
Gas Mass - Σgas (M☉ kpc-2)

SFR100Myr (M☉ yr-1 kpc-2)
Temperature - T (K)

Metallicity - Z (—)

Data (FIRE)

Model

Variational Gaussian Process

Deterministic Mean
1. LinearMean

[Captures baseline 
linear scaling trend]

Stochastic Covariance
2. RBF + Matern + RQ

[Additive kernels capture multi-
scale deviations from trend]

Variational Inference
3. VariationalStrategy

[Interpolating data, inducing points & target]

4. CholeskyVariationalDistribution

[Gaussian distribution to represent 
initial uncertainty at inducing points]

Results

MultivariateNormal distribution, 
providing both a mean prediction and 
a standard deviation for every spatial pixel.

Probabilistic Output

Application

1. ELBO Objective

2. Adam Optimiser

3. Leave-One-Galaxy-Out  
Cross-Validation

[Rotating folds: Trained on N-i 
galaxies, tested on ith galaxy]

Model Training 

16



Gal 1, incl 2, Patch 1 17

Alternate approach: 
Can we directly leverage 

spatial correlations to 
constrain SFR? 

Trying to mitigate the 
lack of a large dataset



Gal 1, incl 2, Patch 1

Patching spatial area 
(1024 X 1024 px2) ——> 16 X (256 X 256 px2)

+ Rotations & Flips  
Increasing dataset size with 

augmentations
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Residual Block

+

1. Conv2D 
(3 X 3)

BatchNorm2D

Residual (Element-wise addition)

leakyReLU

2. Conv2D 
   (3 X 3)

BatchNorm2D
leakyReLU

Residual U-Net Architecture

Residual 
BlockInput

1. Conv2D 
(3 X 3)

MaxPool2D

X N

Bottle-
neck

Residual 
Block

ConvTranspose2D

X N

Skip Connections

Target
1. Conv2D 
(3 X 3)

Training Model

Optimization: AdamW with weight_decay = 10-4 
and a ReduceLROnPlateau scheduler.

Loss Function: MSE Loss

Evaluation

Evaluation was conducted with training on 6 
galaxies, validating on one and testing on one 
completely unseen galaxy (all inclinations, 
ensuring no data leakage)

Alternate approach: 
Can we directly leverage 

spatial correlations to 
constrain SFR? 

W

Data (FIRE)

Input: Nsamples X H X W X C  Target: Nsamples X Propertyi  

H

C

Luminosity maps: 
Multi-line channels

Single property map 
SFR (100 Myr)

(L☉ kpc-2) (M☉ yr-1 kpc-2)
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ResNet Predictions

Overfitting and lack of generalisation - probably direct consequence of only 8 unique galaxies 

Network unable to learn the general physical connections YET 20

Yes, it is bad, BUT-



Need more 
unique 

galaxies!!! 

What I have now and 
have run analysis with

Next set of data I am in 
the process of obtaining

Ongoing run

Dr. Daniel Anglés-Alcázar

Niranjan Chandra Roy
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Summary

• Deep and Sparse Denoising Benchmarks 

• First review addressed, resubmitted to A&A (2026)  

• Developed GalCubeCraft - Lightweight mock spectral cube simulator 

• Beyond Moment0 Galaxy Property Inference 

• Developed spaxel-based approach - Variational Gaussian Process Regression and Computer Vision-based 
approach - Residual U-Net to constrain star formation rate. 

• Currently limited by lack of unique galaxies, BUT (near) future work:

• Increasing data set size by at least 12 unique high-z massive galaxies for generalisation 

• Constraining multiple physical properties (gas mass, stellar mass) using GPR 

• Leveraging spectral features of the cubes in form of a Residual UNet3D 

• Feature importance analysis of emission lines and emission morphology 

• Hyperparameter optimisation of ML methods for tighter constraints.


