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Abstract

The environment where galaxies reside is one of the most influential factors that affect galaxy evolution in various ways. Previous studies have found that galaxy properties, including
morphology and star formation activity, vary depending on the galactic environments, which are often characterized by quantities, such as the projected surface densities or the
distances to the nearby neighbors. Here, we apply an unsupervised machine learning approach to ~67,000 galaxies in a volume-limited sample from the Sloan Digital Sky Survey to
extract the key features describing the local environments around the galaxies. Specifically, we use a type of neural network model called the variational autoencoder (VAE), and the
model is trained using a set of galaxy distribution maps centered on each target. We find that the galactic environments can be mapped onto the low-dimensional latent space, and the
original input distributions can be reconstructed by using only 128 latent variables corresponding to distinct environmental features. While the most informative latent variable is
related to the overall number density, other latent variables represent various anisotropic and asymmetric structures oriented along different directions. We also examine the
correlations between latent variables and galaxy properties using Spearman’s correlation coefficient, mutual information, and Kolmogorov-Smirnov statistics. Interestingly, some
latent variables correlates, albeit mildly, with specific galaxy properties, indicating that each environmental feature plays a distinctive role in shaping the galaxy properties. Our
results suggest that the VAE can be useful for recognizing and distinguishing meaningful environmental features that influence galaxy properties.
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Fig 1. An example of the input data. The left panel shows the galaxy distribution in the sky, and the :
middle panel shows the converted input image. The right panel shows the reconstructed image Ak /N Lisice sy
after the training is over. X e
Flatten
 Target galaxies are selected from a volume-limited sample of the tt
SDSS DR7 (Abazajian et al. 2009) in the range 0.02 < z < 0.07 and Fig 2. The VAE structure used in this study. It takes (64,64) shaped pixel images converted from the SDSS galaxy distribution. As the
Mr - 5 log h < -18.95. input data passes across layers inside the model, the VAE compresses the data into a low-dimensional latent space (Encoder). From
. Each distribution map covers an area of 10 h"Mpc x 10 h"Mpc the compressed data, the model reconstructs the input image (Decoder).
centered on a target galaxy and contains neighboring galaxies « The Variational Autoencoder (VAE) is an efficient algorithm to identify meaningful features
with a radial velocity difference of 1000km/s. from the input data by reducing the data dimension (e.g., Kingma & Welling 2013; Burgess et
« The distribution maps are converted into 64-pixel x 64-pixel al. 2018; Portillo et al. 2020; Wei et al. 2020; Sedaghat et al. 2021).
Images. Each pixel counts the number of galaxies in it. « The encoder compresses the input image, and the extracted features are stored in a low-
« Targets near the SDSS survey boundary are removed. We have dimensional latent space at the end of the encoder.
~67,000 targets in total.  The decoder reconstructs the original image from the information in the latent space, and the
reconstructed image is used to evaluate the training performance.
Results
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* Reconstruction loss evaluates the similarity between the input

and reconstructed maps. We employ the Poisson loss.
Reconstruction loss = y — ylogy
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 Regularization loss estimates the similarity between the
distribution of latent variables and the normal distribution. The
Kullback-Leibler Divergence (KLD) is used.
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Fig 3. Spearman correlation coefficient, Mutual Information, and the KS statistics between . Mutual Information (M|, Shannon 1948; Kinney & Atwal 2014):
eight most informative latent variables and the environmental parameters. All these IX,Y) = H(X)—H(X|Y)
coefficients are normalized by the value of the most informative latent variable (z0).
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Fig 4. Same as the Fig 3, but x-axis data are galaxy properties.
Conclusion Reference

« Defining a galaxy environment using densities or distances have a limitation In
representing the distribution of galaxies within specific regions. However, using VAE to
decompose the galaxy environment can reveal various components of galaxy distribution,
including asymmetric structures, which were challenging to quantify with the conventional
approaches. This result suggests that the machine learning techniques have significant
potential in the field of galaxy environment studies.
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« We find that the latent variables mildly correlate with a few galaxy properties, including
star formation rates and optical/UV colors. Our result is based on the limited input data,
which consists solely of the positions of neighboring galaxies and their nhumbers. We
expect that the prediction of galaxy properties can be more accurate with complemented
data in future studies.



