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Foundational Al could usher in a new era for models of all life on Earth
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Deep-learned foundational Al could usher in a new era for the simulation of whole ecosystems,
argue Joseph Millard and colleagues.

“Time to model all life on Earth”'. It's been just over a decade now since Drew Purves and
colleagues wrote this sentence, challenging ecologists to develop models for simulating whole
ecosystems. The authors then introduced the Madingley model’, a new form of rule-based general
ecosystem model built for the simulation of both terrestrial and marine systems. Taking inspiration
from general circulation models and the climate, Purves and colleagues argued that to fully
understand how ecosystems will respond to human activities and environmental change,
simulation of these ecosystems would be key. This is likely still true. Process-based models such
as Madingley can theoretically predict events that haven’t yet occurred, but might do under future
conditions.

Developed bottom-up from the flow of carbon, plants in the Madingley model were represented
via spatially explicit rules for primary production and biomass allocation, driven by environmental
inputs such as temperature, precipitation, and remotely sensed net primary productivity. Higher
trophic levels were grouped on the basis of traits such as diet, metabolism, and body size, with
interactions parameterised on the basis of allometric and metabolic scaling laws?. Grouping
organisms in this way allowed simulation all the way from plankton and aphids up to whales and
elephants.

The Madingley model represented a significant step-forward for ecosystem modelling. But
although highly innovative, the grand challenge of reasonably simulating whole ecosystems has
never been fully resolved. Whilst general ecosystem models have advanced since the Madingley
model, they still face fundamental limitations. Practically they are difficult to parameterise, apply,
and validate at scales such that they are useful for ecology and conservation. Conceptually, it
remains difficult to represent important ecological processes such as organismal intelligence, and
to simulate across orders of magnitude in scales of time, space or organismal size*. We think that
the simulation of ecosystems may be about to take another step forwards, but using a different
approach. It's possible that foundational Al elevates our ability to simulate ecosystems.

A new philosophy on simulation

Since the development of Madingley in 2013, neural networks have emerged as a new paradigm
in the prediction of natural phenomena. Deep-learning (i.e., a multilayered neural network) has
shown that where clean training data and compute are easily available, these models can
significantly outperform equivalent physical rule-based algorithms. This has been true for protein
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folding®. It has been true for complex video games®. It has been true for weather prediction’. In
each of these domains, deep-learning has raised the level of what's tractable for simulation.

For ecology and conservation, deep-learning has revolutionised prediction in individual domains
such as visual and audio recognition®, with tagged datasets facilitating supervised learning. But
for the simulation of ecosystems, it's currently not clear how a deep-learning model might be
trained, or even what it might look like if we did. We think there might be a way. How? A solution
might come from repurposing and combining discrete forms of foundational Al.

On the shoulders of scale

In 2020, neural network scaling laws arrived®. A team of researchers at OpenAl demonstrated
that through scaling-up 3 parameters—neural network model size, dataset size, and the quantity
of compute—large language models (LLM), a class of self-supervised learning models, get
predictably better at predicting the next word®.

ChatGPT was a bet on the philosophy of scale. Build a very large neural network for predicting
the next word, train it on a large amount of text and compute, and hope that LLM scaling continues
to hold.

The bet paid off. The eventual result was an LLM that could not only use language in a human-
like manner, but also appeared to gain capabilities across many novel tasks®. We now call this
form of model “foundational Al’—a pretrained, self-supervised general-purpose neural network,
on which further fine-tune improvements can be made—and it is rapidly becoming ubiquitous in
many parts of society, lifting the level on what an individual can do with a computer. Scaling has
since been applied across multiple other domains, with new forms of foundational Al appearing
across multiple modalities (e.g., speech, text, images). Foundational Al models require no expert
labelling, and thus can exploit large, unlabeled, noisy observational data. Ecologists now use
foundational Al models to accelerate their analytical workflows'". Applications for the development
of ecological models themselves are growing'2.

Workshop a way forward

As part of an ARIA (Advanced Research + Invention Agency) funded pre-programme discovery
project, over four days we invited world-leading experts in computer science and ecology to two
workshops in Cambridge, UK. Our aim was to explore the potential of deep-learned foundational
Al in ecology, particularly with respect to the forecasting of ecosystem resilience and the
development of a new type of general ecosystem model. We focussed on two types of
foundational Al: multi-modal Earth-observation models and generative agent-based simulation.
In the context of ecosystem modelling, our reasoning was that Earth-observation models might
help parameterize the dynamics of vegetation growth, whereas generative agent-based models
might better enable the simulation of animal populations.

A multi-modal Earth-observation model uses self-supervised learning to compress large
quantities of Earth observation data into vector embeddings. These embeddings embody
significant information about the structure of the Earth’s surface, often including multiple data
modalities, in a form that’s both repurposable and easy to handle. Two examples are TESSERA™
and AlphaEarth™, respectively developed by the University of Cambridge and Google Deepmind.
Where some form of large-scale spatially explicit task is concerned, multi-modal Earth-
observation models will likely come to form an initial building block across many analytical
pipelines.
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Generative agent-based simulation is a new form of agent-based model, in which behaviour of
individual agents emerges from multiple generative Al models running simultaneously. Concordia
is one example platform™, inspired by the game Dungeons and Dragons. Developed by Google
Deepmind, in Concordia each agent is an instantiation of an LLM, hosted such that it can interact
with multiple other LLMs. One LLM agent is the ‘Game Master’, responsible for tracking the
environment at any given time and retaining a history of all prior interactions. All other LLM agents
are characters in the simulation, playing out their roles in real-time. Crucially, Concordia assumes
that LLM agents, given their training, can act reasonably and apply common sense in any given
circumstance.

Since LLMs are trained on human data, most work using generative agent-based models has
concerned the simulation of human social behaviours. For example, generative agent-based
simulation has been used to show that strongly-held views on COVID-19 were underpinned by
an ideological landscape in existence before the pandemic'®. But if LLMs contain significant
ecological knowledge, and they can reason about how this knowledge relates to behaviour, then
it's possible generative agent-based simulation will also be applicable in ecology. Promisingly,
recent research has shown that the model weights alone (i.e., without consulting the web) of an
LLM do indeed possess a significant degree of ecological knowledge'”.

Over the course of our programme discovery project and workshop, a broad idea emerged: If the
embedding of a multi-modal Earth-observation model can be fed to an environment tracking LLM,
and other LLMs can interpret that embedding reasonably, then perhaps there could be a way to
simulate specific ecological interactions, for any specific location on Earth’s surface. The benefit
of a modelling platform such as Concordia is that the environment in which agents interact can
be parameterised, held constant, and tracked by the Game Master. What this means in the
context of an ecosystem model, is that the ecological phenomena of interest can be teased apart
from the environment in which it exists. That might mean we could simulate the spread of the
reintroduction of beavers, for example, without needing to explicitly parameterise their
environment. In other words, the fabric and nuance of ecological and environmental reality would
be learned into a foundational neural network, and then generated on-the-fly by the Game Master
only as it’s encountered in simulation.

The momentum is there

Generative agent-based general ecosystem simulation could be fruitful, but there is a problem
with this type of approach. For any simulation, quantifying its validity is challenging. Without a
held-out empirical truth with which to validate, it's not clear any prediction of a generative agent
is reasonable. This will be true even where a model is parameterised via a multi-modal Earth-
observation embedding.

Growing data sources might help solve this problem. Since the release of Madingley, total
observations on iNaturalist have increased exponentially, now numbering 200 million unique
observations'®. Standardised and large databases of biodiversity data accumulated from the
literature abound'®?°, further accelerated by the accumulation of evidence via automated
approaches?23, And momentum has grown for multi-scale standardised biodiversity monitoring?.
Moving forward we must anticipate the ground-truth data we need, and then collect it deliberately.
Growing biodiversity data should be held out from the training data underpinning foundational Al
simulations, at least in part. Held-out data can then be used to post-train or validate the predictions
of simulation, helping to ensure models are not just memorising, allowing a better test of
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generalisability. It's also possible that as data scales, we find new ways to directly train
foundational Al ecological models, perhaps without needing to simulate generative agents at all?*.

The Madingley model represented an ambitious step forward, but ecosystem models have not
yet gained traction with conservation decision makers. Conventional general ecosystem models
are based on a set of bottom-up governing rules that are challenging to parameterize,
contextualise precisely, and validate. We think this may now change. We think it's possible
ecological simulation in the future might be learned rather than governed. Generative agent-based
models and multi-modal Earth-observation models might be the way. Foundational Al could usher
in a new era for the simulation of whole ecosystems.
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