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Given a set of datapoints, the goal is to choose the subset of labels that best describe

k
the data point. @ W~ H N(WjE 0,1I)
1=1

Datapoints: x; € X 1=1,2,3...N

Labels: € 10,1 L @ — W%, —2;]]°
| y”L { ) } fxi (‘Rf7 Z’i) — € 20
154 Train Sky Building Sea Mountain Person 6 a @
| ®y; —2|7
V V V @ 9o (yi z;) =e

[\

* There can be thousands of labels
« Each label is expensive. Example: biological data.

Obtaining training data for multilabel classification is hard: @ -------- @ yf ~ N (0, _3)
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Active Learning
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The goal of active learning is to select a set of n points, A, to label from a set P(Y,Z, W, [ai]ﬁl X, ®) = —p(W) H fx, (W, z)ga(yi, 2;) ha, (Vi)p(a;)
of unlabeled pool, U, such that the resulting classifier is the most accurate. 4 1
Results Inference
p(Y, [ai];i2, X, @) = p(Y,Z,W,[a;];L, X, ®)
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: e Mutual information measures reduction in uncertainty.
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