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Model non-linearities lead to highly complex likelihood landscapes
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A framework for inverse ecosystem modelling

Piecewiselnference.jl
- is a framework for inverse modeling
of complex dynamical systems.

- Built upon

- gradient descent with Deep
Learning optimization algorithm
(Adam)

- automatic differentiation

- a training strategy that improves
the convergence of local search
methods by regularizing the
inference problem
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Scaling with model complexity
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Summary and perspectives

- Piecewiselnferencejl: an efficient inference framework combining a
segmentation method together with automatic differentiation and Deep
Learning optimizers

- Our framework can help better understand and predict the dynamics of
biodiversity by allowing

- the testing ecological theory against data
- learning the parametrization of ecological processes
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Thanks for your attention!
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