Beyond the Hubble Sequence — Exploring galaxy morphology with unsupervised machine learning
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Abstract: Galaxy morphology is a fundamental property which is strongly connected with the assembly history of a galaxy. For the past century, a visual morphological classification system
— Hubble sequence — 1s dominant in galaxy studies. Since visual classification can be intrinsically biased due to the subjective judgement of human classifiers, we propose the use of
unsupervised machine learning (ML) to construct an unbiased machine classification scheme for future galaxy studies. In this starting work, we explore galaxy morphology from SDSS
imaging data with an unsupervised technique composed of a feature extractor using vector-quantisation variational autoencoder (VQ-VAE) and hierarchical clustering. Three novel strategies are

proposed 1n this work and results in 27 machine-defined classes which are physically distinctive from each other 1n stellar mass, absolute magnitude, physical size, and colour.
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Results — Each machine class shows distinctive physical
properties, 1.¢. colour, r-band absolute magnitude, stellar
mass, and physical size of galaxies. A smooth change 1n
physical properties between different machine classes 1s
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