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e Forecasting from high-dimensional time-series requires adapting to systems with
varying underlying dynamics. Standard training on non-stationary systems risks
catastrophic forgetting when dynamics shift over time.
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e Present CoSFan, a continual meta-learning framework that enables both

slow-and-fast adaptation of latent dynamics functions to few-shot samples. : ‘
Novel framework: : 1\ Reservoir Buffer o‘f Previous Samples T ?
o A feed-forward hyper-network meta-model that infers what system is observed . : i . ,'\

and how to adapt the latent dynamics. ! : ‘ \ . \
e A continual learning strategy that detects when task shifts occur and identifies the : : >

relation to prior tasks via task-relational reservoir sampling. R S o —_

Continual Stream of Dynamic Environments

Problem Setting

Experiments

e Given a few initial frames, leverage a Sequential Latent Variable Model (sLVM)
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