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Gaussian modelling of feature space
* High-order statistical moments of embedded features from inputs
* Robust recognition in a variety of scenarios, using several backbones,

low-shot setups, per-step accuracy, and controlled train/test
[1] Hayes et al., “Lifelong Machine Learning with Deep Streaming Linear Discriminant Analysis”, CVPRW (2020). augmentation on both same-domain and other-domain data
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