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T ~ the number of queries we can provide the oracle
>/_,y; ~ the number of targets identified

Previous work developed policies for active search by
appealing to Bayesian decision theory. This policy in the
general case requires exponential computation.

To overcome this intractability, the authors of that work
proposed using myopic lookahead policies in practice, which
compute the optimal policy only up to a limited number of
steps into the future.
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Bayesian decision theory:
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If we assume that after observing D;, the labels of all remaining unlabeled
points are conditionally independent, then this approximation recovers the

Bayesian optimal policy exactly.
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CiteSeer” data

query number
policy 100 300 500 700 900
RG 19.7 600 104 140 176
IMS 26.3 863 147 214 281
one-step  25.5 80.5 141 209 273
two-step 249 89.8 155 220 287
ENS-900 259 943 163 239 308
ENS=700 28.0 105 188 259
ENS-500 28.7 112 189
ENS-300 264 105
ENS-100 30.7

BMG data
query number

policy 100 300 500 700 900
RG 48.6 144 243 336 427
IMS 93.6 276 451 629 799
one-step  90.8 273 450 633 798
two-step 91.0 273 452 632 802
ENS-900 89.0 270 453 635 815
ENS-700 913 276 460 645
ENS-500 924 279 466
ENS-300 92.8 279
ENS-100 94.5




Efficient nonmyopic batch active search
NIPS 2018
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| S 10 15 20 25 50 75 100
UGB - 257.6 2579 2583 250.1 246.0 218.8 206.2 172.1
greedy 269.8 268.1 264.1 261.6 2582 2570 240.1 227.2 208.2
ss-one-1 269.8 260.7 2546 2452 233.6 2234 200.8 1829 1789
$s-one-m 2698 2645 25777 250.0 2444 2365 211.7 1954 1794
ss-one-s 269.8 266.8 2613 256.7 2487 2441 2149 2024 1813
ss-one-( 269.8 268.1 264.1 261.6 2582 257.0 240.1 227.2 208.2
ss-two-1 281.1 237.1 2198 210.8 212.1 196.2 172.1 158.8 1529
$s-two-m 281.1  252.6 2464 237.2 2329 225.1 200.2 181.6 167.2
SS-two-$ 281.1 2489 2425 2353 2266 2192 196.7 1753 1583
ss-two-0 281.1 2525 2476 2479 2444 2404 2256 213.8 199.1
SS-ENS-1 2951 2694 2479 2272 223,11 2103 1853 152.6 148.7
SS-ENS-m 295.1 293.8 290.2 2853 281.6 2744 2494 217.2 203.1
SS-ENS-S 295.1 2899 2783 269.8 262.6 2550 220.8 1855 161.2
$S-ENS-0 295.1 293.6 289.1 288.1 2875 280.7 269.2 257.2 2410
batch-ENS-16  295.7  300.8 296.2 2939 2921 288.0 2758 272.3 2529
batch-ENS-32  295.7 300.8 2955 2979 290.6 288.8 281.4 275.5 263.5




Multi-Class Active Learning by Uncertainty Sampling

with Diversity Maximization
1JCV 2015



H(e) = — D P(Cjlxplog (P(Cjlxi))
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The term Q(f;) is a function on f encoding the data
distribution information, in other words, the diversity
criterion in decision making.
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