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Motivation Applications
* Active search: filter as many positives as possible. * Environment: autonomous boats searching a pond for polluted areas.
* Pointillism: point observations, group patterns. * Astronomy: choosing where to point a telescope to find interesting objects.
* Flexibility: allow for arbitrarily defined patterns. * Polling: carefully surveying to find electoral races that need attention.
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Estimate expected reward with Monte Carlo:
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Analytical form:

If hy(f) = @(Lgf + b) where @ is normal cdf
and L, is linear, e.g. Ly f = / w,(z)" f(x)de
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then expected reward has a closed form:
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Analysis  If using probit-linear classifiers and regions are independent:

The algorithm picks regions with a certain tradeoff between:

Finding Vortices with a Black-Box Classifier e Ratio of variance reduction with one more point.
We want to find vortices in a 2d map of fluid flow by Used a 2-layer neural network learned * High posterior mean.
observing point vectors. Regions are overlapping squares.  from a small training set: Within a region, it picks the point that:
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iat uncertainty sampling to underperform random. to single points.  Related to AAS; can’t model arbitrary patterns.



