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» students: simple hypotheses g; (like vertical/horizontal lines)
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Diversity by Re-weighting
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minimize (regularized)
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Adaptive Boosting Algorithm
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where A tries to minimize u'")-weighted 0/1 error
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wish: large o, for ‘good’ g; <= o, = monotonic(#;)
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Adaptive Boosting = weak base learning algorithm A (Student)
+ optimal re-weighting factor ¢: (Teacher)
+ ‘magic’ linear aggregation a; (Class)
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From VC bound
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first term can be small:

Ein(G) = 0 after T = O(log N) iterations if ¢; < ¢ < ; always
second term can be small:

overall dyc grows “slowly” with T
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boosting view of AdaBoost:
if A is weak but always slightly better than random (¢; < e < 1),
then (AdaBoost+.4) can be strong (E, = 0 and E;; small)

Adaptive Boosting in Action

BN ENB TR S55EEA (6 < e < 5, HEELBIFRAT) |
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original picture by F.U.S.L.A. assistant and derivative work by Sylenius via Wikimedia Commons

The World's First ‘Real-Time' Face Detection Program

AdaBoost-Stump as core model: linear aggregation of key
patches selected out of 162,336 possibilities in 24x24 images
—feature selection achieved through AdaBoost-Stump
modified linear aggregation G to rule out non-face earlier
—efficiency achieved through modified linear aggregation
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