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Deep learning neural networks are powerful and efficient in various supervised learning 
tasks and applications, since they are able to approximate any complex functions to 
arbitrary precision. However, large networks require a considerable amount of data to be 
trained, due to the vanishing gradients problem. Indeed, the layers close to the input receive 
little, imprecise error feedback during backpropagation in such networks. The Typhon meta 
learning algorithm can mitigate this problem by training a model on multiple heterogeneous 
datasets, bridging transfer learning and multitask learning. Over those methods, Typhon has 
the advantage to learn (i) each task as a separate, independent target, and (ii) in a parallel 
manner. However, Typhon cannot be applied to a single dataset. This works proposes to 
extend the applicability of the Typhon algorithm to any single dataset, by introducing two 
new algorithms named Two Levels Typhon and Ultra Typhon, which treat classes or group 
of classes as independent tasks to solve. These two algorithms improve the sample 
efficiency over classical learning algorithms, resulting in higher performances and a better 
generalization. Moreover, they are resilient against overfitting. Overall, the Typhon family 
algorithms converge faster on deep learning training and can be used as a new alternative 
to mitigate overfitting. 
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