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ABSTRACT

We present Robust Heteroskedastic Matrix Factorization (RHMF'), a generalization of Prin-
cipal Component Analysis (PCA) that is robust to outliers, handles per-feature uncertainties
and missing data, and automatically flags per-feature and per-object anomalies. RHMF is
useful both in recovering a low-dimensional embedding unspoiled by bad data or anoma-
lies, and in identifying those anomalies. It utilises an iterative reweighting algorithm that
implicitly maximizes a Student-t likelihood. This admits an equivalent probabilistic inter-
pretation as fitting a hierarchical model with per-data-point latent variances. We deliver a
fast JAX implementation, Robusta-HMF, and practical guidance for users. We demonstrate
the ability of the model to identify and mitigate outliers of different classes. Identification
accuracy is contingent on the choice of hyperparameters, but we show that these can be set
reliably by cross-validation. We also apply RHMF to RVS spectra from Gaia DR3 to find
main-sequence stars that are strange relative to their neighbors in color-magnitude space.
We highlight specific examples, including a known binary hosting a Be star, and M-dwarfs
with subtle emission in the Ca II triplet lines, indicative of accretion or magnetic activity,
which would not be obvious to identify by eye.

1. INTRODUCTION

Most stellar spectra are well described by a low-dimensional manifold. There are a handful of physical
parameters—effective temperature, surface gravity, metallicity, a-element enhancement, and perhaps
projected rotation and a continuum shape—that account for most of the variation across thousands
of pixels of a given spectrum, for most stars of most types. This is both an expectation of stellar
atmosphere theory (Hubeny & Mihalas 2014) and an empirical finding from data-driven analyses
of large spectroscopic surveys (e.g. Ness et al. 2015; Casey et al. 2016; Price-Jones & Bovy 2018).
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First apphcatlon Rosette Nebula
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1rst application — Rosette Nebula

Auroral Lines
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Metal Recombination Lines
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W28 Supernova Remnant
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Caveats?

 Variable resolution at
different S/N
* Bias ratio maps?
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Are the uncertainties
correct?
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Line ratio field as part of model
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Future

d Submit PhD thesis (...in 3 weeks)
1 Calibrated uncertainties

Q Applications to LVM H II regions

3
3 Synergies via simultaneously modelling
multiple surveys (SPHEREx, AMASE)

3 Model physical quantities (T,, n,) as fields

Q Continuing to work on LVM (LVM2?) at CCA

spectrracles
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