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Abstract
We present results exploring the role that probabilistic deep learning models can play in cosmology from large scale astronomical surveys through estimating the distances to galaxies (redshifts) from photometry. 
Due to the massive scale of data coming from these new and upcoming sky surveys, machine learning techniques using galaxy photometry are increasingly adopted to predict galactic redshifts which are important 
for inferring cosmological parameters such as the nature of Dark Energy. Associated uncertainty estimates are also critical measurements, however, common machine learning methods typically provide only point 
estimates and lack uncertainty information as outputs. We turn to Bayesian Neural Networks (BNNs) as a promising way to provide accurate predictions of redshift values. We have compiled a new galaxy training 
dataset from the Hyper Suprime-Cam Survey, designed to mimic large surveys, but over a smaller portion of the sky. We evaluate the performance and accuracy of photometric redshift (photo-z) predictions from 
photometry using machine learning, astronomical and probabilistic metrics. We find that while the Bayesian Neural Network did not perform as well as non-Bayesian Neural Networks if evaluated solely by point 
estimate photo-z values, BNNs can provide uncertainty estimates that are necessary for cosmology. 
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We find that the non-Bayesian NN produces better point estimate photo-z predictions compared to the BNN, however the BNN 
has the advantage of producing uncertainties for photo-z predictions. We note that the photo-z uncertainties are overestimated 
at low redshifts (0 < z < 2.5) and underestimated at higher redshifts. We believe the BNN may require more information than is 
present in the g,r,i,z,y inputs in order to improve performance; in a future work we will investigate galaxy images as  input in a 
bayesian convolutional neural network.

Fig. 2 (right): Number of galaxies in 
our sample as a function of redshift. In 
total, our data consists of  286,401 
galaxies with broad-band g,r,i,z,y 
photometry and known spectroscopic 
redshifts3. We use 80% for training 
and 20% for testing. 

Fig 1. (left): Typical galaxy image in the i-band.  We 
use g,r,i,z,y photometry from the Hyper-Suprime 
Cam (HSC) Public Data Release 2 (PDR2)1 , which is 
designed to reach similar depths as LSST2 but over 
a smaller portion of the sky. 


