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Gradient Flows...

« GF: curve x(t) of steepest descent
on functional F' : & — R

e In Euclidean space X :
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Motivation & Summary

~

e Dataset transformation: ubiquitous in ML, from augmentation to generation

» Need often arises because available (generic) data # needed (task-specific) data
* Here:general, principled, efficient labeled dataset transformation by optimization
» Solved using gradient flows: guarantees, efficient computation, yields full path

 Vision: data-centric learning paradigm, complementary to model-centric one
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... In dataset space Dataset Transformation using Gradient Flows Practical Implementation
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