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What is “Real-time forecasting”?
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Non-linear |: Non-linear dynamical systems

Adaptive |: Regime shifts (ecosystems)
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Latent non-linear dynamics |P1

Various patterns (“regimes”) in streams
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Various patterns (“regimes”) in streams
walklng stretchlng (Ieft) (both)
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Various patterns (“regimes”) in streams
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Various patterns (“regimes”) in streams
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| P2

Abrupt changes in the structure of complex systems

Example:

 Woodland vs. grassland
* Coral vs. macro algae
« Desert vs. vegetation
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Woodlands Grasslands
Ecological system




[ P2

Abrupt changes in the structure of complex systems
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beaks wings tail feathers cIaps
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Nested, multi-scale dynamics \
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Nested, multi-scale dynamics
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 RegimeSnap
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Forecast window V.
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» RegimeSnap |Find:
Estimated events V&
Forecast window V.
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* Proposed algorithms

| A1 | RegimeCast

Report [.-steps-ahead future events

— A2 | RegimeReader

|ldentify current regime dynamics

— A3 | RegimeEstimator

Estimates regime parameter set 6
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Step4: + (A Xc
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Real-time forecasting over data streams
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Real-time forecasting over data streams
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Atmospheric pressure & temperature
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Forecasting error
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