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Abstract

Ecology aims to explain and predict how organisms interact with each other
and their environments across space and time. Yet both ecological data and the-
ory are fragmented, leading to models that generalise poorly beyond specific
systems or scales. Empirical evidence spans diverse modalities, resolutions and
contexts, while theory is distributed across partially overlapping frameworks that
are rarely integrated within a single predictive model. We argue that ecological
foundation models (ecoFMs), trained on large, multimodal ecological datasets,
offer a route toward unifying data and theory within a common framework.
Beyond their ecological value, ecoFMs present a challenging and consequential
testbed for machine learning, demanding advances in multimodal representation
learning, theory-guided modelling, and uncertainty-aware inference. By learn-
ing shared representations of organisms, environments and interactions, ecoFMs
could improve generalisation, link pattern to process, and enable synthesis
across ecological sub-disciplines. We outline a roadmap for developing ecoFMs,
including requirements for data infrastructure, model architectures, evaluation
strategies and governance, and assess where current machine learning and eco-
logical approaches fall short. If developed responsibly and collaboratively with
ecological practitioners and other actors, ecoFMs could enable new modes of anal-
ysis and strengthen ecological forecasting, while simultaneously driving advances
in machine learning for multimodal integration, theory-guided learning, and
generalisation in complex, data-limited systems.

Keywords: ecology, foundation models, multimodal data, species interactions,
ecological forecasting

1 Introduction

Ecology seeks to explain how organisms interact with each other and their environ-
ments [1]. Uncovering these relationships is difficult because ecological patterns are
often context-dependent and arise from the interaction of multiple processes. As a
result, ecology has struggled to disentangle the incredible complexity in nature and
extract general principles that hold across scales, from genes to ecosystems, and from



specific locations to global patterns [2, 3]. This challenge takes two forms. Firstly, the
amount of multiscale data that has been generated in long-term projects is immense
and has outpaced researchers’ ability to fully interpret within a specific context, and
critically what can be inferred and generalised about other systems. Efforts such as the
Wytham Great Tit Project [4], the Isle Royale Wolf-Moose Project [5], the US Long
Term Ecological Research Program [6], and the Park Grass Experiment [7] together
account for a combined 250 years of ecological data, spanning molecular samples and
genomic sequencing through to population and demographic records. Secondly, the
problem of effect size is crucial in ecology [8]. Despite a large amount of global data,
data fragmentation often hampers scientists’ ability to realise the full potential of
the ecological data produced to date. Looking forward, these challenges are intensi-
fying. Ecological data are growing rapidly in both volume and modality, driven by
the integration of long-standing field methods and emerging automated and sensing
technologies [9]. Addressing the mismatch between data generation and integrative
understanding is essential for realising the full value of ecological knowledge. This
realisation is necessary to understand Earth system dynamics and for anticipating the
impacts of human activity in the Anthropocene.

In the past decade, science has undergone a major shift, with many fields now
leveraging artificial intelligence (AI) and machine learning (ML) models to tackle
diverse research problems. Foundation models, coined by [10], are large, unsupervised
or self-supervised models pre-trained using substantial data and computation, and
then adapted to specific tasks, requiring substantially fewer resources than training
task-specific models from scratch. In the last three years, the most well-known founda-
tion models, large language models (LLMs), models trained to ingest and output text,
have had a widespread impact across domains [11], driven by algorithmic advances,
substantial investment in computational resources, and construction of massive train-
ing datasets. Although LLMs have been applied in ecology [12, 13], they fall short of
both being fundamental ecological tools and of being useful representations for eco-
logical study [13, 14]. What fine-tuned LLMs lack is the ability to interpret and relate
ecological phenomena in their native representation, the originally collected format,
instead relying on secondary interpretation, i.e., published literature. Outside of lan-
guage, the range of models released in the last decade in computer vision from CLIP
[15] to SAM3 [16] to DINO [17] have ushered in an age of foundation models in vision.
The success of large, pre-trained models across input modalities has catalysed the
proliferation of foundation models in disparate areas ranging across language [18, 19],
computer vision [16, 20, 21], earth science [22], fluid dynamics [23], genomics [24], pro-
teins [25], astrophysics [26], and psychology [27] with calls for the development of more
[28]. Despite major advances in these fields, no complete ecological foundation model
yet exists. With accelerating climate change, ecological research must scale to meet
increasingly complex and urgent challenges. These are new challenges not foreseen by
past approaches, making methodological advancement necessary.

In this paper, we argue that an ecological foundation model that incorporates a
multimodal representation backbone, graph-based ecological structures, and uncer-
tainty quantification would be transformative for both ecological and computer
sciences. We present the first blueprint for a complete ecoFM that, if implemented,



would transform the field’s ability to reveal connections within the Earth system and
synthesise the extensive, albeit fractured, corpus of ecological data. In turn, meeting
ecology’s unique challenges would also advance foundation models and Al for science-
driven challenges [29] by introducing domain-specific demands not found in standard
benchmarks, motivating methods that can accommodate ecology’s non-standard
data, and improving generalisation and interpretability in settings characterised by
mechanistic structure, long time horizons and limited supervision. Drawing on an inter-
disciplinary team, we frame our proposal to be actionable for both computer scientists
and ecologists. We begin by surveying related efforts to create foundation models in
other fields and highlight points of distinction relevant to ecology. We then outline
a vision for what an ecoFM should be, from concept to capabilities. We describe its
core requirements and, leveraging extensive discussions across ecology and Al, iden-
tify the ethical and societal risks that must be centred in its design. The proposed
model would further both ecology and computer science through addressing shared
challenges in prediction, generalisation and scaleability.

2 From Ecological Models to ML Models

In ecology, even simple systems can exhibit unexpectedly complex behaviour, as early
non-linear population models demonstrated through oscillations, instabilities, and,
later, chaotic dynamics [30]. These properties make ecology especially dependent on
advances in quantitative modelling, both for inference and for understanding the
mechanisms that underlie ecological patterns and dynamics. So, the development of
ecological theory has long progressed in tandem with advances in statistical and math-
ematical methods [31, 32]. This trajectory continues today in more complex models
of ecological interactions, including graph-theoretic models of trophic structure, and
community stability [33-35].

Ecological modelling spans levels of biological organisation. At the genetic scale,
evolutionary processes such as gene selection and mutation were commonly represented
using time-stepped Markov chains [36]. More recently, deep learning has also been
applied widely in genetics to identify population structure and probe natural selection
[37]. Within communities, compositional change and trophic dynamics are examined
using methods such as Lotka-Volterra and models based on graph theory [34, 35, 38].
At the macro-ecological scale, a long tradition of linear and linear-additive modelling
has defined prediction of patterns over space [39], including species distribution models
(SDMs) [40], and models linking body-size and metabolic rate such as Kleiber’s law
[41]. In many ways, the culmination of these multi-scale modelling efforts were general
ecosystem models [42] which sought to model “all of life on earth,” [43] first introduced
in 2013 [42]. Currently, only the Madingley model has been introduced in this model
class to date [44] although there has been little uptake among ecologists [42]. The
lack of adoption of these models is largely due to the intense relational requirement;
they are prescriptive rather than data-driven and thus to model at the Earth level,
relations need to be known. Across these domains, abstraction is essential for managing
complexity, such as using traits as proxies for species, treating species as aggregates of
underlying genetic variation or using genetic changes as a proxy for spatial variation



[45]. Despite these different levels of abstraction and scale, all ecological processes are
ultimately connected through the Earth system, and the data collected across scales
are inherently linked.

Modelling in practice is shaped by a trade-off between complexity and effort [46,
47]. Adding more processes can increase realism, but often with diminishing returns
as implementation cost grows. Additionally, the “bias-variance” tradeoff is realised
in ecology in questions of how many and what kind of interactions to include [48].
As a result, models are typically designed to be just complex enough to address the
scientific question, leading to a wide landscape of fragmented and specialised ecological
models tailored to specific scenarios [47]. A similar pattern historically occurred in ML:
excessive or hand-crafted features often caused over-fitting and poor generalisation
[49, 50], prompting the development of highly specialised models for particular datasets
and tasks.

This paradigm shifted with the introduction of deep learning-enabled attention
mechanisms, which laid the ground-work for foundation models [51]. Self-attention and
cross-attention allow models to allocate representational capacity dynamically, focus-
ing computation on the most informative components of input data rather than relying
on predefined task-specific structures. Deep learning architectures are typically used
either as representation-learning models which learn flexible latent spaces amenable
to downstream linear models or clustering, or as generative models which excel at
scalable generation rather than producing structured latent embeddings. These mech-
anisms also scale incredibly well as more data are modelled, enabling models such
as GPT to function as generalised text predictors for the majority of written human
language [52].

Beyond language, foundation models have emerged across many domains. A defin-
ing feature is the ability to integrate multiple modalities, such as text, images, audio,
and time series, within a unified deep learning architecture. This is often achieved
through cross-attention, which allows representations from one modality to draw infor-
mation from another; in other cases, modalities are fused through joint embeddings or
by applying self-attention over combined input data [53-56]. These mechanisms allow
foundation models to relate heterogeneous signals without requiring a bespoke model
for each input combination. As a result, a model or collection of models can learn from
many data sources and adapt to a wide range of downstream tasks.

The recent advancement in foundation models presents a monumental oppor-
tunity for ecology. A unified modelling framework could support more complex,
multi-purpose, scalable, and generalisable ecological models, capable of representing
cross-scale, multi-modal data in ways that are currently not available. This was sim-
ply not possible before the advent of large and complex enough machine learning
paradigms. To understand how such a unified framework might be built, we next
examine the growing landscape of existing models and ecology-adjacent approaches.

3 Ecology-Adjacent Deep Learning Landscape

Recent advances in machine learning have produced a growing set of deep learning-
based models relevant to understanding ecological phenomena. These systems span



three major domains: (i) perception, (ii) environmental feature mapping, and (iii)
species distribution modelling. Understanding what these models already achieve and
where they fall short clarifies the opportunities and constraints for developing an
ecoF'M.

3.1 Perception

We define perceptive models as those that retrieve relevant biological information
from raw ecological data sources. Early work in this area largely centred on fine-
grained visual classification benchmarks aimed at identifying visually similar taxa in
images [57, 58]. This area has subsequently expanded with the emergence of founda-
tional models, such as BioCLIP2, that learn joint image-text embeddings [59], and
general-purpose vision backbones such as DINO, which, when trained towards gen-
eral objectives to understand images, transfer remarkably well to species identification
when fine-tuned or used as feature extractors [60, 61].

Scaling has also extended beyond purely visual inputs. Models such as Tax-
aBind integrate multiple information streams, including acoustic recordings, satellite
imagery, and environmental covariates, to learn a unified embedding of a given obser-
vation with each of these data types [62]. In parallel, advances in bioacoustic processing
enable robust automated recognition of species calls from noisy field deployments
[63, 64].

The current primary utility of these perceptive models in ecology is as data-
curation tools: they filter camera-trap data [65-67], classify citizen-science images [60],
and detect acoustic events [68], and are highly flexible through zero-shot adaptation,
which allows for the identification of unseen species [69]. It is clear that this area
will continue to improve as more advancements are made. These feature extraction
techniques can form representational layers that can be repurposed for ecoFMs.

3.2 Environmental Feature Mapping

Earth-observation (EO) foundation models constitute the second major group. These
systems learn general-purpose representations of environmental states from large vol-
umes of satellite imagery. Models such as TESSERA [70] and AlphaEarth [22] provide
dense, globally consistent embeddings, which give insight into ecological processes and
patterns such as land use change, vegetation structure, and ecosystem disturbance.
Such representations offer an efficient route to integrate remotely sensed information
into ecological analyses. By leveraging already existing models, the need to develop
specialised EO models is bypassed. However, EO data have inherent limitations: spa-
tial resolution remains coarse relative to fine-scale habitat variation, microhabitats
are often unresolved, and performance is not alone sufficient for aquatic environments
and beneath dense canopies [71, 72]. EO models therefore provide valuable inputs for
ecoF'Ms but, on their own, do not represent ecological processes.

3.3 Species Distribution Modelling

Species distribution modelling (SDM) has traditionally been grounded in statistical
approaches, including hierarchical Bayesian models, occupancy—detection frameworks,



point process models, and joint species distribution models (JSDMs) [73]. These meth-
ods explicitly model uncertainty, spatial structure, and species co-occurrence, and
continue to form the backbone of ecological inference.

More recently, deep learning methods have been introduced into this landscape
[74], largely as a response to the growth of global-scale biodiversity datasets and high-
resolution environmental feature mapping data. Neural networks trained on occurrence
data, environmental rasters, or remote-sensing imagery can achieve predictive perfor-
mance comparable to, and in some cases exceeding, classical SDMs such as MaxEnt,
particularly at large spatial extents. However, these gains are context dependent and
often diminish for rare or range-restricted species, under spatially structured val-
idation, or when models are required to extrapolate beyond the training domain
[75].

Progress in deep SDMs is expected to continue as deep learning methods mature,
particularly through improved architectures, uncertainty estimation, and the integra-
tion of further data sources. Multimodality, in particular, offers a promising avenue
for incorporating complementary information from remote sensing, citizen science,
and other ecological data streams [76-78]. Nevertheless, even recent extensions largely
treat prediction tasks in isolation, focusing on mapping species—environment relation-
ships rather than representing the underlying ecology as a series of interconnected
interactions and systems.

This limitation motivates the development of ecological foundation models. Rather
than modelling species—environment relationships independently, ecoFMs aim to learn
shared representations that integrate perception, environmental context, and biologi-
cal interactions within a unified framework. By enabling transfer across tasks, scales,
and taxa, ecoFMs extend beyond the scope of SDMs toward a more general and
integrative representation of ecological systems.

4 Vision

Our vision for an ecoFM is a unified intelligent system for ecology that can inte-
grate global data across genes, organisms, communities, environments, space, and time
within a single coherent modelling framework. Such a model would learn representa-
tions that capture how species interact with each other and with their environments,
support tasks that range from species identification to system forecasting and mech-
anistic inference, and enable synthesis across the currently fragmented landscape of
ecological data, models, and theory. In effect, an ecoFM would serve as a general-
purpose tool that represents the state and dynamics of ecology on Earth. Below, we
outline the datasets needed for training, our proposed architecture and implementation
details, and fully define the capabilities of an ecoFM.

4.1 Data

Large-scale, curated datasets are the core of any foundation model [52, 79]. Ecologi-
cal data span many biological, spatial and temporal scales and occur in heterogeneous
forms. In machine learning, a modality refers to a distinct type of data with its own
structure, statistical properties and representation. In ecology, these modalities include
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Fig. 1 Overview of ecological data spanning multiple spatial scales, sources, and data types. Numbers
correspond to identified large-scale ecological datasets listed in Table Al.

images of species or their habitats, acoustic recordings, genetic sequences, trait mea-
surements, environmental time series, satellite imagery, species occurrence records
and more (Table Al). Each modality captures different aspects of ecological systems,
requires different processing steps and has no standardised format that links it to other
modalities.

Constructing a unified dataset for an ecoFM is challenging because these sources
differ fundamentally in structure, resolution, sampling design, data quality and cov-
erage. For example, data from acoustic recording devices can provide dense streams
of observations in a given location, but can often be noisy and highly biased toward
detectable or conspicuous species [80]. In contrast, species occurrence records and trait
databases tend to be geographically and/or taxonomically uneven [60, 81], reflecting
its own distribution of sampling effort. Environmental variables add further hetero-
geneity, varying widely in spatial and temporal granularity. Canonicalisation across
these disparate data types therefore presents a significant challenge to be overcome for
ecoFM development. In addition, the technical challenge of data cleaning as a whole
should not be understated. While there are many large datasets in ecology, the amount
of uncleaned and unordered data is several orders of magnitude higher still.

To clarify these opportunities and challenges, we identified representative datasets
across key ecological modalities and scales (Table A1), visually illustrated by Figure 1.
These include remote sensing products that capture environmental structure and



dynamics, organismal observations from imagery and acoustics, genetic and trait
datasets that characterise biological variation, taxonomic and phylogenetic knowledge
graphs, and spatiotemporal environmental records used to contextualise ecological
processes. This landscape motivates the need for unified tokenisation and multimodal
representation learning methods capable of bridging these heterogeneous sources
[26, 82]. In the following section, we detail how such methods integrate within the
proposed ecoFM architecture.

4.2 Architecture

It is critical to define a realistic model architecture which can capture the rela-
tional structure of ecological systems and produce relevant, interpretable predictions.
Our framework proceeds through several key stages: modality-specific encoders to
embed diverse data types; multimodal masked modelling to learn shared structure
across modalities; downstream task adaptation and interpretability tools to assess and
probe the learned representation; uncertainty modelling to quantify confidence; and
graph-based representations to express ecological interactions. These components are
summarised in Figure 2.
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Fig. 2 Workflow illustrating how an ecological foundation model (ecoFM) integrates multimodal
ecological data. Raw data from multiple modalities are tokenised and encoded into modality-specific
representations, which are jointly encoded using a multimodal masked-modelling objective to produce
a shared embedding space. This representation can then be adapted for downstream tasks, including
predictive modelling (e.g., species distributions, occupancy, habitat inference). Interpretability meth-
ods (e.g., concept bottlenecks, global sensitivity analysis, or attribution analyses) can be applied to
interrogate the learned representation. Graph-based tasks may additionally construct ecological net-
works from the shared embedding using clustering approaches, enabling network-based analyses (e.g.,
interaction networks, trophic structure, competitive hierarchies)

4.2.1 Modality Encoding

As previously discussed, ecological data span many modalities but are often sparse,
imbalanced and incomplete. A core requirement of an ecoFM is therefore a modelling
framework that can transform heterogeneous datatypes representing a common ontol-
ogy into a shared representation space. In such a space, observations describing the
same organism or event, e.g., a bird’s call, its DNA barcode and its photograph, should
map to nearby points. This is very far from the reality of biological data storage
currently. Achieving this first requires modality-specific transformers or tokensisation
schemes that convert raw data into a common embedding format, enabling feature
extraction across modalities. These encoders can build on extensive prior advances
in representation learning, particularly by leveraging the growing suite of pretrained,
modality-specific models.

The ecoFM can exploit geospatial foundation models such as AlphaEarth [22], Sat-
CLIP [83], GeoCLIP [84], or CLAY [85], which provide rich embeddings of land cover,
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environmental gradients, and temporal dynamics. This inclusion mirrors the approach
taken by many fields of ecology, i.e., connecting shifts in population, movement, and
ecosystems to changes in Earth’s abiotic features [86, 87]. Incorporating these embed-
dings can follow multiple strategies: (1) contrastive learning during pre-training to
ensure earth observation and biological embeddings share a semantic structure, (2)
through conditioning variables that provide environmental context to biological pre-
dictions or (3) spatial tokens that represent environmental states at specific locations
and times. These embeddings could lower the data requirements from ecological dis-
ciplines, reduce overall computational costs by leveraging models trained beyond the
resources of a typical ecoFM project, and improve performance in data-poor regions
by transferring environmental knowledge captured from globally sampled imagery.

4.2.2 Multimodal Masked Modelling

With these embeddings established, the next step is to learn how information is
shared across modalities. A natural approach to learning this is multimodal masked
modelling [88, 89], in which the model is trained to reconstruct missing embeddings
or tokens from those that remain. This self-supervised objective is particularly well
suited to ecological data, which are sparse, unevenly sampled, and rarely contain all
modalities for a given observation. By predicting withheld information across modal-
ities, the model is forced to learn the underlying structure that links them, capturing
cross-modal dependencies rather than relying on correlations within any single data
type. We therefore propose multimodal masked modelling as a central architectural
paradigm for ecoFM development, offering a principled way to learn unified ecological
representations from heterogeneous and incomplete data.

4.2.3 Downstream Prediction and Interpretability

Once a shared embedding space has been learned, its utility can be assessed through
downstream task adaptation. These involve adding lightweight prediction heads or
fine-tuning parts of the model to map embeddings onto particular outputs. Examples
of this would potentially include species identification in heterogeneous datasets or
prediction of traits or habitats. Performance on downstream tasks is the standard way
to evaluate foundation models [14, 15], providing an initial measure of how well the
multimodal embedding fits predictive tasks.

Complementing downstream prediction, interpretability methods allow users to
analyse the embedding space in greater detail and understand how it is structured with
respect to both the training data and the underlying model. Neighbourhood analyses
[90] can reveal whether the learned representations recover expected ecological organi-
sation, for example clustering by phylogeny, taxonomy or functional traits. Attribution
methods, such as Shapley value analysis [91], can quantify the contribution of individ-
ual modalities to the resulting embeddings or predictions, indicating how the model
integrates disparate data sources. More structured approaches, such as concept bot-
tleneck models [92], allow users to probe whether specific ecological concepts or traits
form identifiable axes within the embedding space and how these concepts mediate
downstream predictions. We envision interpretability as a critical component of model
evaluation and development of the overall training method.

11



4.2.4 Uncertainty Modelling

An ecoFM must provide not only predictions but also measures of uncertainty.
Accounting for uncertainty is critical, as failure to represent model uncertainty can
distort predictions, inflate confidence in spurious patterns, and produce ecological
inferences that are systematically biased [93]. This goes beyond providing a simple
confidence score, which reflects the model’s stated certainty about an output but
does not account for missing information, modality conflicts, or unfamiliar inputs.
Instead, uncertainty should be embedded more fundamentally in the model’s inter-
nal representations. Recent work such as ProM3E [94] demonstrates how this can be
achieved through probabilistic embeddings, in which each latent feature is represented
as a distribution with a mean and a variance. This approach allows the model to
express uncertainty about the information it has learned, not just about its final pre-
diction: variance increases when inputs are incomplete or ambiguous, and decreases
when modalities are informative and consistent. Our ecoFM formulation adopts this
framework so that uncertainty propagates through the model and informs downstream
tasks, leading to ecological predictions and decisions that reflect data limitations and
model confidence.

4.2.5 Graph Representations

Finally, recognising that ecological systems are naturally structured as networks, it
is important for compatibility with the wealth of graph-based ecological methods,
such as food webs, interaction networks, connectivity networks, and more, that the
learned representation can be converted into a graph. This can be achieved through
downstream clustering methods, for example by grouping embeddings into nodes that
represent functional groups, taxa or locations, and defining edges based on latent
similarity or inferred relationships between these groups. Interpretable meaning can
be introduced by anchoring the resulting graph to known interaction data, such as
the global dataset of species interactions [95], allowing predicted links to be com-
pared with or constrained by established ecological knowledge. Once constructed, such
graph representations provide a powerful substrate for analysing system-level prop-
erties, including the propagation of perturbations across ecological networks and the
modelling of mechanistic behaviours and dynamics.

4.3 Capabilities

Building on our architecture, an ecoFM would support a broad range of ecological
tasks, spanning from basic perception of environmental observations to a mechanistic
understanding of underlying dynamics and potential unification of ecological theory.
We lay these out as formal capabilities which a successful ecoFM should have:

® Perception. The model must ingest diverse ecological observations and extract mean-
ingful features. This includes tasks such as identifying species or events from acoustic
recordings, camera-trap images, community matrices, genetic barcodes, or other
primary data streams.

12



o Contextual understanding. Ecological data are embedded in space, time, environ-
ment, and sampling method. The capacity to infer, reconstruct, or integrate this
context would reflect a deeper level of understanding than raw perception.

® Predictive capability. The model should forecast species distributions, population
trends, habitat suitability, biogeochemical cycling or other ecological patterns, mech-
anisms and dynamics across spatiotemporal scales. This is inherently statistical:
learning correlative relationships between inputs and outputs, and mirroring existing
species distribution models, but at far greater scale, flexibility, and multimodality.

® Mechanistic understanding. The highest capability level involves moving beyond
correlations to represent ecological systems as networks of interacting organisms
and environments, capturing processes such as trophic dynamics, competition, and
stability. Predictions at this level are coupled with interpretable explanations of the
ecological mechanisms that generate them.

® Usability. While embedding-based outputs such as maps and retrieval tools are
increasingly accessible, generative and forecasting foundation models still require
substantial technical expertise and computational resources to use. For ecoFMs to
reach their full potential, models should be designed not just for scientific accuracy
but for usability, allowing for adoption in both the scientific and policy space.

® Unification. Similar to other scientific foundation models [24], an ecoFM offers the
potential to encode unifying ecological theories in its structure. This encoding of
general theory would represent a scientific advancement in its own right.

5 Considerations

Foundation models represent a promising technological frontier for ecology and bio-
diversity, with the potential to transform how we monitor, understand, and predict
ecological dynamics. Their impact, however, will not be determined by technical capa-
bility alone, but by how scientific, policy, and practitioner communities approach
foresight, ethical design, and governance [96]. To realise the promise of ecoFMs,
evaluation must go beyond marginal gains in accuracy on benchmark datasets to
systematic auditing of failure modes and the measures taken to mitigate associ-
ated harms. Concretely, models should be assessed against principles of ethical Al:
benevolence, non-maleficence, autonomy, justice, and explainability [97]. Below, we
discuss the potential dangers associated with epistemic, technological, socio-ethical
and environmental risks.

5.1 Epistemic Risks

A central epistemic risk of ecoFMs is that, trained on today’s incomplete and biased
datasets, they may amplify existing blind spots in biodiversity knowledge and entrench
distorted understandings of the natural world. Ecological data are heavily skewed geo-
graphically and taxonomically: most observations come from the Global North, while
biodiversity-rich regions remain undersampled, and certain vertebrate groups (e.g.,
birds) dominate records relative to insects, fungi, and microbial communities. The
problem of mitigating epistemic risk is a common critique of ecology more generally,
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with effects such as spatial bias [81], artefacts of racist policies [98], and the after-
effects of political instabilities [99], creating underrepresentation of taxa [81]. Bias is
also introduced through annotation, such as misidentification of rare species, subjective
assessments of habitat quality, and inconsistent labelling practices [100]. Addition-
ally, large bodies of ecological knowledge, especially those held by Indigenous and
local communities, remain inaccessible to current datasets and models. These biases
are therefore socio-technical in origin, reflecting historical asymmetries, infrastructure
limitations, and unequal access to scientific resources.

These problems can be partially addressed through targeted investment in
under-represented regions and taxa, expanded citizen science and community-based
monitoring, and the formal integration of diverse knowledge systems, including Tra-
ditional Ecological Knowledge. Integrating these into our proposed model represents
a legitimate technical problem in response to an essential social responsibility. While
imperfect data is one source of epistemic risk, another issue is understanding the causal
mechanism between imperfect data and model outputs. This brings worries about
epistemic risk into alignment with interpretability studies as a whole, i.e., understand-
ing the causality of model decisions with respect to training data, which makes biases
easier to identify. The integration of these typically unconsidered data sources will
only be possible through partnership with knowledge holders in relevant areas and
attention to ethical risks (c.f. Section 5.3).

5.2 Technical and Methodological Risks

A methodological risk arises from the limitations of contemporary deep learning
itself. Neural networks exhibit well-documented spectral bias, favouring smooth, low-
frequency functions [101] thereby underfitting sharp ecological gradients and the
rare events that often govern ecological dynamics. Many architectures also implic-
itly impose Euclidean structure on their latent spaces [102], even when ecological
relationships are fundamentally non-Euclidean, i.e. hierarchies of taxonomy or rela-
tionships. These inductive characteristics may yield distorted internal representations
of ecological systems, undermining model development and introducing errors into
downstream scientific analyses. Furthermore, most widely used deep learning models
produce point estimates rather than probability distributions [103-105], leading to
outputs that are overconfident and insensitive to data scarcity. As a result, they may
fit spurious patterns [106, 107], generalise poorly beyond the distribution of training
data [108], and offer limited insight into the reliability of their predictions [109], which
is especially consequential when ecoFMs are used to support ecological inference and
decision-making.

These vulnerabilities are well known within the deep learning community, and each
can be mitigated through deliberate architectural and training choices that incorpo-
rate ecological prior knowledge. Models with broader spectral capacity, such as STIREN
architectures or networks employing random Fourier features, can better capture
high-frequency ecological signals and abrupt transitions [84, 110]. Geometry-aware
representations, including projections into hyperbolic space, offer improved modelling
of hierarchical relationships; however, optimisation for hyperbolic geometry remains
computationally inefficient and can complicate convergence [111]. Process-informed
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neural networks, which embed known ecological dynamics directly into deep learning
architectures, provide another route for constraining model behaviour while improving
interpretability [112]. Data augmentation and rigorous cross-validation can help limit
overfitting and improve performance on out-of-distribution samples. Finally, advances
in Bayesian deep learning and ensemble modelling offer principled approaches for
quantifying uncertainty and distinguishing data scarcity from underlying ecological
variability. Collectively, these strategies are likely to play a central role in building
ecoF'Ms, and real progress will depend on ecologists and computer scientists working
in close collaboration.

5.3 Socio-ethical Risks

Without robust ethical safeguards, ecoF Ms risk reinforcing existing global power asym-
metries. A central concern is data colonialism: the extraction and use of data or
knowledge from Indigenous communities and the Global South without appropriate
recognition, benefit-sharing, or local governance. Such practices risk commodifying
Indigenous knowledge and detaching it from its cultural and ecological context. In
addition, the complexity of the AI lifecycle creates ambiguity around accountabil-
ity: when model outputs lead to harmful downstream decisions, responsibility may be
unclear among developers, deployers, and end-users.

Addressing these risks requires participatory and co-designed approaches to Al
development, ensuring that affected communities are involved throughout the pro-
cess and retain authority over how their data and knowledge are used [113]. Several
established frameworks offer guidance for structuring governance, such as the Nagoya
Protocol, which provides a precedent for recognising sovereignty over genetic and eco-
logical data and ensuring that benefits flow back to providers [114]. The CARE Prin-
ciples for Indigenous Data Governance and the broader Indigenous Data Sovereignty
movement articulate clear expectations regarding collective consent, authority to con-
trol, and culturally appropriate data stewardship [115]. Public-sector Al guidelines
such as the OECD AI Principles [116] distinguish responsibilities between data own-
ers, model developers, and decision-makers. Translating these principles into ecoFMs
will require transparent mechanisms for consent, benefit-sharing and accountability.
Organisational structures which ensure that local and Indigenous knowledge holders
retain meaningful decision-making power are also an essential part of development.

5.4 Environmental Risks

There is a profound paradox in leveraging energy-intensive technology to address envi-
ronmental problems. Training state-of-the-art foundation models demands substantial
computational resources, and the ensuing energy demand carries a large carbon foot-
print [117]. Data centres also require substantial water for cooling, and facilities located
in water-stressed regions can exacerbate local water scarcity. Beyond contributing to
climate change, Al data centres can affect local biodiversity by competing for water
and reducing the environmental flows needed to sustain river biodiversity [118]. These
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well-known impacts of Al on the environment undermine public confidence in the util-
ity of Al for advancing scientific discovery in ecology and its application to natural
resource management and conservation problems.

These environmental costs must be central considerations in the design, deploy-
ment, and governance of ecoFMs. However, the relationship between AI and
environment-focused research remains unclear[119]. Preliminary life-cycle analyses
reveal serious carbon, water, and land usage associated with AI models [120]. At the
same time, the foundation model paradigm offers a potential efficiency advantage [121].
Although pre-training is resource-intensive, it in principle occurs once; the result-
ing model can be fine-tuned for diverse downstream tasks using far less data, time,
and energy than training separate models for each application. This “pre-train once,
fine-tune many” approach represents a shift toward greater computational and envi-
ronmental efficiency. However, the large upfront energy cost introduces environmental
risk: if pre-training needs to be repeated, this cost is incurred again. As understanding
of the environmental impacts of Al improves, the development of ecological foundation
models should remain responsive to emerging evidence and act accordingly [119, 121].

6 Conclusion

Ecology is entering a phase in which its central scientific challenge—explaining how
species interactions and environmental processes give rise to patterns of biodiversity,
including their abundance, distribution and ecosystem consequences—aligns with a
major inflection point in artificial intelligence. The rise of foundation models offers
a path toward unifying disparate ecological data streams and representing ecological
systems at the level where they operate: through interactions that scale from genes to
ecosystems. Yet realising this potential will require far more than repurposing existing
models. It demands multimodal data infrastructure, architectures that encode eco-
logical structure, evaluation metrics grounded in ecological theory, and governance
frameworks that ensure equity, transparency, and trust.

We have outlined the conceptual framework and technical requirements for
ecoFMs, and provided a roadmap for how they could advance ecological prediction,
interaction-centred analysis, and the synthesis of ecological data and theory. Impor-
tantly, ecoFMs should be built to complement, not replace, ecologists’ existing tools,
enabling synthesis across scales rather than obscuring the mechanisms that underpin
ecological processes.

If developed responsibly and collaboratively, ecoFMs could mark a step change
in ecology’s capacity to learn from the accelerating torrent of ecological data and to
reveal the structure of the natural world with greater clarity. At the same time, they
could position ecology as a driver of new computational advances in learning from
multimodal, theory-rich, and data-limited scientific systems. The challenge now is to
build the scientific, computational, and ethical foundations required for these models
to serve ecology’s core goals: understanding, sustaining, and predicting the dynamics
of a rapidly changing planet.

16



Supplementary information. Appendix A: Current Modelling Landscape Table
A1l: Data modalities, use cases, overlaps, example models, and datasets relevant for
ecoF'M development.
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Table A1 Data modalities, use cases, and example datasets relevant for ecoFM development.

Domain Data type Example datasets

Land cover NASA Harmonised Landsat &

1 Satellite imagery Topography Sentinel 2 (HLS)

Copernicus Climate Data Store

2  Weather & Climate Historic & future climate
Temperature 12k

GBIF
Presence-only data iNaturalist
Natural history museum collections

Surveys with effort BioTIME
3 Species presence data information eBird

FishSounds
xeno-canto
ecosound-web.de
GBIF

Passively sampled data

NASA HLS

Water quality/pollution National hydrological surveys

4 Aquatic systems
Bathymetry THO Data Centre for Digital
Bathymetry

Soil type & chemistry

o Soil & geology Seismic & volcanic activity

National geological surveys

GenBank
DNA sequences BOLD
GoaT/EBG

6 Traits Encyclopedia of Life
TRY
Phenotypic traits Phenoscape
AVONET
FishBase

Catalogue of Life

Taxonomy/Phylogeny Open Tree of Life
7 Derived data Range maps IAIi/%l\IT\IE};ge maps
FishBase

Foodwebs & interactions GloBI
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