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ABSTRACT

Context. Beyond cosmic noon, galaxies usually appear as faint whispers amid overwhelming noise, yet this epoch is key to under-
standing massive galaxy assembly. ALMA’s sensitivity to cold dust and [C 1] emission allows us to probe their interstellar medium,
but faint signals are still challenging, rendering robust denoising essential.

Aims. We evaluate denoising strategies, including classical statistical methods, sparse unsupervised representations, and supervised
deep learning, to identify techniques that suppress noise while preserving flux and spectral-spatial morphology.

Methods. We develop a physically motivated synthetic dataset of spectral cubes simulating rotating disk galaxies for training and
evaluation. We benchmark Principal Component Analysis (PCA), Independent Component Analysis (ICA), iterative soft thresholding
with 2D-1D wavelets (IST), and a supervised 3D U-Net across peak SNRs of ~2.5-8, applied to (i) toy cubes, (ii) synthetic [C ] IFU
cubes from FIRE simulations, and (ii1) ALMA observations of z ~ 5 galaxies from the CRISTAL sample and the quasar W2246—-0526.
Performance is assessed via RMSE, flux conservation, morphology, and SNR improvement.

Results. PCA and ICA provide limited noise reduction and struggle with correlated noise. IST reduces noise at moderate SNRs but
can suppress emission at low SNRs. The 3D U-Net outperforms IST on synthetic cubes, particularly at low SNR, though it may
overestimate flux or hallucinate faint structures in this regime. On high SNR real data with relatively simple morphologies, the U-Net
and IST achieve comparable performance. However, on low SNR real data with complex morphologies not represented in the training
set, the U-Net underperforms relative to IST, highlighting the challenges of generalization beyond the training distribution. In ALMA-
CRISTAL cubes, both IST and U-Net conserve > 91% of flux and increase SNR by > 6. For the extreme case of W2246-0526, the
U-Net recovers ~ 80% of flux at moderate SNR, whereas IST robustly conserves flux and improves SNR by ~ 3.

Conclusions. Deep learning trained on synthetic data generalizes effectively, though flux bias and interpretability challenges remain
at low SNR. The addition of physically motivated priors and uncertainty quantification will enhance robustness. This framework of
synthetic, simulated, and real datasets offers a pathway for transferable denoising in surveys with ALMA, VLT/MUSE, and JWST
IFUs.

arXiv:submit/7242461 [astro-ph.GA] 11 Feb 2026
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Beyond Moment-0: Galaxy property inference
from High-z Spectral Data Cubes

Arnab Lahiry, Tanio Diaz-Santos, Jean-Luc Starck
Niranjan Chandra Roy, Daniel Anglés-Alc4zar,
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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).

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




Synthetic IFU Spectral Cubes & Physical Properties - FIRE Simulations + CHIMES + RADMC-3D
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ResNet Predictions Yes, itisbad, BUT-

Ground _. " — -
Truth " et |
o . .
MAE: 0.269 : .‘ MAE: 0.322 MAE: 0.497 MAE: 0.048 MAE: 0.093
Absolute
Error

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

Network unable to learn the general physical connections YET 20
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. Feedback In Realistic Environment.s

What | have now and
have run analysis with

Nextsetof data | am in
the process of obtaining

Table 1. FIRE-2 simulations included in Data Release 2

suite physics final # of halo mass  # of simulation directory
name variation | redshift snaps. [Mg] sims. name
10° 1 m09
10"° 2 m10(q, v)
Base 0 601 10% 6 mll(b, d, e, b, i, q) core/
10*2 8 ml2(b, c, f, i, m, r, w, z)
1012 (x2) 3 m12(ThelmaLouise,
RomeoJuliet, RomulusRemus)
1010 2 m10(q, v)
Dark Matter 10" 5 mll(d, e, h, i, q) core/
Only 0 61 102 9 ml12(b, ¢, f, i, m, q, r, w, 2) dm_only/
10'%(x2) 3 m12(ThelmaLouise,
Core RomeoJuliet, RomulusRemus)
Later 0 601 10° 1 m09 core/
Reionization 10" 3 m12(f, i, m) reionize_later/
61 10° 1 m09
MHD-+ 0 61 10*° 2 m10(q, v) core/
61 10t 9 mll(a, b, c, d, e, h, i, q, V) mhd /
61—309 10" 4 m12(f, i, m, z)
61 10° 1 m09
Cosmic 0 61 10"° 1 ml10v core/
Ray 61 10" 8 mll(a, b, c, d, e, h, i, v) cosmic_ray/
61 —601 102 4 m12(f, i, m, z
Massive Halo 278 8 Al, A2, A4, A8, B1, B2, C1, C2 | massive_halo
10° 2 z5m09(a, b)
6 zbmlO(a, b, c, d, e, f
9 zobmll(a, b, c, d, e, f, g, h, i)
High Redshift 0 z5m12(a, b, ¢, d, e) high_redshift/
3 z7mll(a, b, c)
3
9 o7 101: 3 z9mll(a, b ,c)
10 3 z9m12(a, b, c)
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Deep and Sparse Denoising Benchmarks (V)

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

Developed GalCubeCraft - Lightweight mock spectral cube simulator

Summary

M, A\,

Beyond MomentO Galaxy Property Inference -2 ¢

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 unigue galaxies, BUT (near) future work:

Increasing data set size by at least 12 unique high-z massive galaxies for generalisation
J Y Aue g J J Thank Vou
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.

= 2 1 '
Eonlistening!




