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Causal discovery from equation discovery
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Reliable causal inference is a central challenge in Earth and climate sciences: observational records

are limited, interventions are rare or impossible, and process representations in models rely on

parametrizations that can introduce strong asymmetries between variables and the causal

mechanisms [1,2]. Leveraging these asymmetries, rather than treating them as nuisances, can

offer a principled route to causal discovery that is directly aligned with scientific modeling practice

[2].

We address bivariate causal discovery from the standpoint of equation discovery using the

Bayesian Machine Scientist (BMS) framework [3]. Our key contribution is to formalize the

theoretical link between Symbolic Regression (SR) and Algorithmic Information Theory (AIT) via the

Minimum Description Length (MDL) principle: the more plausible causal direction is the one that

admits a shorter joint description in terms of a mechanism plus independent inputs [4]. Building

on this connection, we characterize the mathematical properties of the resulting causal criterion,

including identifiability and asymptotic consistency, and we analyze the role of core

assumptions—most notably the Principle of Independent Causal Mechanisms (ICM)—in the

context of geophysical data and climate-model parametrizations [5].

We demonstrate the approach on simulated benchmarks and on real Earth-system examples

covering both i.i.d. settings and time-series climate data. The results illustrate when and why

asymmetric parametrizations help disambiguate causal direction, and they provide a practical

pathway to turn discovered governing equations into testable causal hypotheses for Earth and

climate science.
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