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Active Learning Graph-Based SSL

Graph-Based SSL Objective:

u” = argmin %(m Lru) + Zﬁ(uj, y;) =: argmin Je(u; y), (1)
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for different loss functions £.
Bayesian Probabilistic Perspective:
= P(uly) oc exp(—Je(u; y))
m Most choices of £ lead to non-Gaussian posterior, IP(u|y)
Main Idea: Use Gaussian approximations of non-Gaussian posterior

distributions to allow for more general uses of Gaussian-based acquisition

functions in active learning.

m “Model Change” acquisition function
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Accuracy Results

Checkerboard Results:
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Active Learning Choices - Checkerboard Q/V\Z@J/%@

(d) HF-Vopt (e) GR-VOpt (F) Probit-Uncertainty
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