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A deep-learning based reaction-diffusion model. The model is based on graph neural networks
to model spatial dynamics coupled to simpler neural network to capture population growth.
To make predictions, the model is used in an iterative roll-out fashion, predicting species range
expansion in time. The initial state of the population is modeled by another neural network,

estimating the state at time ¢y. The model is constrained by ecological “priors”, akin to physics-
informed neural networks.
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Project description

Background

Invasive Alien Species (IAS) are a primary driver of biodiversity loss, disrupt ecosystems, and
impose substantial economic costs, exceeding $423 billion annually [1]. The number of TAS per
country has increased by 70% since 1970 [1], and their continued spread threatens biodiversity
and ecosystem services even in the absence of new introductions |2|. Despite the urgency of
the issue, there remains a significant gap in predictive models capable of forecasting IAS range
expansion [3]. This challenge comes from the complexity of invasion processes and limitations
in existing datasets [4].

Modeling dynamics

Current state-of-the-art deep learning models can leverage exceptionally well large opportunis-
tic datasetq| to model species distributions [5]-[7]. However, these models assume that species
are always in equilibrium with their environment, neglecting transient dynamics such as de-
mography and range expansion, potentially leading to significant forecast errors [§].

Direct calibration of process-based models against time series data offers an alternative to
purely data-driven methods. Process-based models explicitly represent such processes with two
terms, one that relates to demographics and one to the diffusion in space in time [9]. They rely
on strong ecological priors, making them theoretically more robust and data-efficient, while
extrapolating under known conditions. However, they often struggle with inaccuracies and
calibration challenges, reducing their ability to provide precise forecasts.

A novel approach?

“Physics-informed neural networks” (PINNs) [10] and related methods, commonly referred to
as “scientific machine learning” methods [11], have recently emerged as a promising approach
to bridge data-driven and process-based models. By constraining data-driven models with
process-based relationshops, PINNs often demonstrate interesting features such as efficiency in
data, generalization and credible outputs [10]—[12]. PINNs have been successful across vari-
ous scientific fields, notably in climate and weather modeling [12], [13], but remain strongly
underexplored for ecological applications [14], [15].

In parallel, Graph Neural Networks offer a framework to model irregularly sampled data in
space and time, and can capture complex relationships at different spatial and temporal ranges
[16]. Again, neural weather forecasting has shown great success when including this [13].

This project has potential to significantly improve conservation strategies by providing more
reliable forecasts of IAS and transient responses of biodiversity to global change. To this end,
it proposes the development of a novel, deep learning-based approach to model the evolution
and expansion of invasive species in Switzerland. A first step is to explore the potential space
of models and architecture (see initial Figure for an example), and train a constrained making
use of synthetic data describing species range expansion as generated by a differential equation.
In a second step, we will focus on assimilating opportunistic, high-volume, presence only data.

'We refer to collections of data that are gathered without a predefined plans or structured approaches to
answer specific questions. These datasets are often derived as a byproduct of other activities or processes.
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Research Gaps

- Can we obtain data-driven dynamical predictions of species range expansion by explicitly
taking into account population and spatial dynamics?

- How can we assimilate presence-only observations with sampling biases from opportunistic
datasets?

Project Goals

Identify and implement a relevant architecture for the core dynamical model.

Evaluate and validate the performance of the framework in an ideal data regime.

Develop an appropriate data assimilation scheme that can leverage realistic datasets with
sampling biases.

Create and setup a code repository allowing experiments to be reproduced, models ex-
tended, and source maintained by other collaborators.

Your qualifications

Keen interest in dynamical systems.

Experience with graph neural networks.
Strong programming skills in Python, with experience in JAX and/or Pytorch (PyG,
Lightning).

Experience with version control systems (Git)

What we offer

- An innovative project with large societal and scientific impact.
The opportunity to publish you work in a top-tier ML conference to boost up your CV.

Close supervision and mentoring by experienced researchers.

Collaboration with experts from world-renowned institutions and access to cutting-edge
research facilities.

Periodically available desk space at SDSC offices in Andreasturm.

Contact

We are delighted to hear from you! Please contact Michele via e-mail to michele.volpi@sdsc.ethz.ch.
We will be happy to answer any question and set up a call to discuss the project.
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