Active Transfer Learning Cheatsheet

Supervised Machine Learning models can combine Active Learning and Transfer Learning to sample the optimal
unlabeled items for human review. Transfer Learning tells us whether our model will correctly predict the label of
an item and which item looks most like data from our application domain. This cheatsheet builds on principles of
Uncertainty Sampling & Diversity Sampling: http:/bit.ly/uncertainty_sampling | http://bit.ly/diversity_sampling
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Robert Munro. Human-in-the-Loop Machine Learning, Manning Publications. http://bit.ly/huml_book
See the book for more details on Active Learning, Advanced Active Learning, and Active Transfer Learning, with
open source implementations in PyTorch. robertmunro.com | @VWWRob




