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2 billion people affected by floods from 1998 and 2017.
Estimated economic losses of 656 billion USD [1].
Precipitation nowcasting plays a crucial role in enabling timely
responses to such rapid and extreme meteorological variations [2].

Contributions

NowcastingGPT, a video prediction model composed by a VQVAE
feature extractor, an autoregressive transformer dynamics module and
an EVL regularizer to improve representation and prediction capabilities
of extreme precipitation events
A new adaptive implementation of the EVL loss that uses a latent
transformer to compute extreme/not extreme probabilities on the fly
We benchmark TECO [5] and evaluate the proposed model on the
KNMI dataset which includes precipitation maps of the Netherlands
between 2008 and 2021.

Extreme events are not well represented and predicted by current models.
Nuwä-EVL, the only SOTA model that uses an EVL regularizer, uses fixed
representations for extreme events, leading to poor performances [3].
Proposed DL-based Nowcasting SOTA models present unfeasible frame
generation time.
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Extreme Value Loss Framework

When dealing with imbalanced data, the standard cross-entropy loss
often falls short, particularly when classifying extreme events. To
address this, the Extreme Value Loss (EVL) [4] has been introduced as
a more effective alternative, designed to balance the disparities
between extreme and non-extreme cases in time series data:

where  vt  represents the ground truth labels (extreme/not
extreme),  ut  the  predicted probabilities,  γ is  a hyperparameter of the
related Generalized Extreme Value (GEV) distribution,
and  β0  and  β1  reflect the proportions of non-extreme and extreme
tokens.
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