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Abstract

Currently, the data generated by space missions is enormous. While new advancements in Machine
Learning enable models to detect anomalies, classify data, and make predictions autonomously, Scientific
Hypothesis Generation is still a human-dominant field. With the continuous growth of data size of
missions, proposing a scientific hypothesis becomes harder for humans. This challenge demands a new
framework to make the process autonomous, which can be done through artificial intelligence. This will
enable artificial intelligence agents to make contributions in scientific discovery, rather than just assisting
in data analysis.

This work proposes a new framework for Autonomous Hypothesis Generation (AHG) designed
for data-intensive space missions. The main question addressed in this research paper is: Can AI agents
produce scientifically reproducible and interpretable hypotheses by analyzing complex datasets?

The proposed approach has three different methods binded together resulting in a multi-layered model.
First, large-scale preprocessing and representation learning are applied to multimodal mission datasets
such as telemetry, spectral observations, environmental measurements, and imaging data. In this part the
model uses self-supervised learning to learn the underlying physical patterns without labeled data. Second,
Symbolic Regression finds potential mathematical relations between physical variables, producing an
interpretable model, which is different from a black-box model. Finally, Causal Discovery Algorithms
are applied to differentiate physical causation from correlation.

After the computational steps, the Meta-learning algorithm will do an automated model selection
based on criteria such as simplicity, applicability across different datasets, generalization, and scientific
plausibility. Instead of giving a prediction as output, the model outputs mathematical relations, causal
graphs, or physically interpretable rules, which can be further validated by scientists.

The suggested framework is evaluated by publicly available datasets from planetary science and Earth
observation missions, where the partial physical relations are known, which allows the scientists to assess
the quality of the hypotheses recovered by the model in a measurable way. Performance metrics include
the ability of the model to rediscover well-established laws, the originality of new relations generated by
the model, and the reduction in human analysis time.

Preliminary results show that hybrid-causal AI systems can propose plausible hypotheses, identify
the hidden relationships in high-dimensional mission data, and prioritize promising research for human
researchers. Autonomous Hypothesis Generation has a great potential to accelerate discovery, and fasten
the next-generation space exploration.
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