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Upon seeing one of the world’s first photographs in 1840 the French master of
romantic realism, Paul Delaroche, declaimed that “Painting is dead!”. Instead, the
following decades saw the emergence of impressionism—Monet’s waterlilies, Van
Gogh'’s starry night—and later, the rise of Picasso and cubism. Art, freed from the
expectation of perfect reproduction, flourished. Later still, the fabulously detailed
works of photo- and hyperrealism have demonstrated that ultimately there is no
incompatibility between the worlds of canvas and film (or indeed of SD cards).

Earth system science is currently undergoing a revolution no less momentous than
the invention of photography. Rapidly advancing machine learning (ML) methods now
outperform traditional weather forecasts [1], and can accurately emulate km-scale
rainfall [2], aerosol evolution [3] and ocean temperatures [4], all at a fraction of the
traditional cost. Foundation models [5], aim to go further still: unifying Earth’s com-
ponents and scales into a single framework. The increased efficiency of ML architec-
tures is levelling the global playing field, allowing state-of-the-art trained models to be
run with consumer hardware. There is little doubt that our field will look very different
in the coming years.

Different is, of course, not necessarily better. Could a shift towards “data” come at
the expense of genuine knowledge? By dedicating more time and training to statistics
and software engineering, will the domain expertise and hard-won theory that under-
pin our fields wither away, harming our ability to reason causally and build hypothe-
ses? We believe, in fact, that the opposite is the case.

The power of ML to predict and simulate, cheaply and flexibly, has enormous
potential to support a boom in physical understanding, while ML’'s fundamentally
statistical basis requires process-based understanding to critically validate. There is
therefore a continuous feedback loop between ML development and theory (Fig 1).
Traditionally, data and theory are used to derive models; nhow we may also interro-
gate data-driven models to build theory —and evaluate model realism in the process.
This opportunity requires community development of refined diagnostics to iden-
tify state- and process-dependent errors, suitable for large datasets. Such careful
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process-based evaluation [e.g., 6] is key for ML systems to be trusted, as data-
driven models can contain subtle cancelling errors and are not guaranteed to faith-
fully reflect known physics [7]. The transparently non-physical nature of ML models
actually offers conceptual clarity compared to large, parameterised models that may
be less ‘physical’ than they appear [8]. This may spur renewed pursuit of conceptual
models for phenomena we can (somewhat) simulate but do not understand well (e.g.,
convective organisation and mid-latitude blocking).

Physical models themselves will remain essential, but perhaps in new contexts:
synthetic training data, boundary conditions for climate downscaling, and integration
into hybrid models. In these contexts, the ability to represent diverse climate states
and to faithfully represent slow modes of variability and teleconnections becomes
more important than matching observed trends or achieving middle-of-the-pack
climate sensitivity. A shift of prediction towards data-driven methods can provide
physical modellers with breathing room to address cancelling errors and implausi-
ble tuning, to explore counterfactual or paleoclimates, and to build comprehensible,
simplified models.

We describe a total rebalancing of our field: precise representation handled by
open-source ML models developed by computer scientists, generalisable knowledge
obtained by domain scientists using ML alongside a physical model hierarchy. The
value of domain separation and the uptake of flexible, scientist-friendly modelling
approaches has steadily grown [e.g., 9] and the current juncture provides a perfect
opportunity to finalise this transition. Untangling the technical and scientific aspects
of modern modelling will allow for efficient progress, but these two paths must remain
deeply collaborative and interconnected in order to fully realise the positive feedback
loops we envision.

More fundamental than how we run our models, however, is what we want them
to do. Until now the primary focus of ML advancement has, understandably, been on
prediction problems. Now, as ML models start to surpass their physical equivalents,
we argue that long-term progress will be best served by a focus on generalisation.
Our observational record captures only a sparsely observed slice of our planet’s
atmospheric and oceanic variability: we know the extremes of our current climate
only imperfectly, let alone those to come. Under such data poverty, only models
able to generalise robustly and reliably beyond their training data are of value. This
is of course well-acknowledged, and many ML papers include at least one unseen
extreme event or future climate they were able to approximately represent.

It is our opinion that a far more systematic effort to understand and quantify ML
generalisability is needed. Core-Al theory places few constraints on model per-
formance out-of-sample, so if we desire robustly generalisable models the solu-
tion must come from our domain knowledge. The open availability of the ERAS
reanalysis dataset [10] and the WeatherBench benchmark [11] were essential
in enabling the current revolution, allowing computer scientists with little or no
domain knowledge to develop models that targeted the requirements of modern
prediction systems. We advocate for community development of generalisabil-
ity benchmarks — standardised sets of training data, out-of-sample tests and
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Fig 1. A (non-exhaustive) schematic highlighting new ways in which developments in one area of earth system science are stimulating
advancements in other areas (green arrows). Advances in machine learning form a positive feedback loop with advances in data and fundamental
theory, both dependent on them and supportive of them.

https://doi.org/10.1371/journal.pcim.0000710.9001

process-based skill assessments that can stress-test future models. Such tests should be challenging, representing
the idealised capacities of a perfect model, akin to the ARC benchmark used to assess progress towards human-
level AGI [12]. We might, as recent studies have pioneered, assess forecast models on their ability to reproduce
simple dynamical instabilities [13], chaotic error growth [14], or to produce unseen hurricanes [15]. Regional climate
emulators might be assessed for energy and mass conservation, on paleoclimates, across domains, or under unseen
internal variability. Such tests will:

a) Quantify the physical robustness of current models so they can be used confidently.

b) Clarify which inductive leaps ML models can and cannot make.

c) Set ambitious targets for computer-scientists, driving development of skilful, trustworthy ML models.
This is not the vision of Delaroche’s death knell, but perhaps of his contemporary, A.J. Wiertz:

“Let it not be thought [photography] kills art. No, it only kills the work of patience, and pays homage to the work of
thought”.

The differences between science and the arts are many, but we believe many in our field will recognise the pre-
eminence of thought—of imagination and theory-building—as a scientific ideal; one which stands to flourish as machine
learning amplifies the power of human understanding.
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