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Introduction:  Understanding what life may look 

like on other planets has long been an aim of 
astrobiology [1]. However, this aim has to date been 
hindered by a limited view of life constrained to Earth, 
which serves as the basis for environmental and 
organismal analogues to potential extraterrestrial 
counterparts. There remain significant issues in the 
characterization and detection of life due to reliance on 
a sample set representative of a single planetary 
environment, as well as a lack of clarity on which salient 
features are most reliably indicative of life and how 
these are selected. Many current efforts to detect life on 
other planets or beyond Earth rely on characteristics of 
life “as we know it” [2], constrained to the biochemistry 
of known Earth samples and analogues. Furthermore, 
estimates on the number of species as yet undiscovered 
even on Earth range widely, meaning that even the 
representative features of Earth-based life that are being 
used to guide life detection missions may be incomplete. 
Relying on the discovery of new physical examples of 
life to expand its definition significantly slows down the 
exploration of the potential state space. Challenging 
current approaches requires the use of novel techniques 
to expand the target ranges in the search for 
extraterrestrial life and biosignature detection. 

Main:  Here, we present a framework to practically 
utilize machine learning (ML) methods to reduce Earth-
centric bias inherent in the tools and processes currently 
used for life detection on planetary missions and those 
planned for use in the future. Our aim is to provide 
quantification to understand the degree of Earth-centric 
bias of mission instrumentation with a specific focus on 
spectroscopic data as an initial test case. The complete 
framework consists of a generator and a classifier that 
use different ML algorithms to test and extend the 
capabilities of current mission instrumentation to 
transition from Earth-centric to more agnostic and 
quantitative detection approaches. Our current focus is 
on the use of ML for de novo structure generation to 
rapidly expand the space of potential target 
biochemistries. 

The field of de novo molecular structure generation 
has been burgeoning as of late with the introduction of 
tools from deep learning and machine learning [3]. 
These have found great promise in the area of drug 
discovery and designer molecule production, as they 
offer a path to intelligent discovery of organic 
molecules. In addition, the presence of ever-expanding 
databases such as PubChem, ChemBL, and others yield 
readily available training and testing datasets. Several 

deep learning architectures such as RNNs and GANs 
have been tested and applied, often using molecular 
representations such as SMILES. Recent innovation has 
been also conducted on these representations to provide 
more features relevant to structure-property connections 
in 3D space, rather than removing information for the 
sake of easy input.    

We apply these techniques to the generation of non-
Earth based synthetic molecules to test, validate, and 
quantify the degree of bias in life detection 
instrumentation. This has, to date, been little explored in 
the fields of astrobiology and planetary science, yet the 
tools and databases are readily available from molecular 
design and chemistry. We make use of significant 
existing databases such as the USGS Spectral Library 7 
[4] in both aims of this project to inform decision 
making on which instruments and summary parameters 
are utilized in life detection missions, as well as mission 
operations through classification of spectroscopy data 
as likely or unlikely to indicate life. 
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