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PAC Learning Setup

• PAC learning
• Learner (A) receives a batch of examples S

• Outputs a hypothesis h ∈ H

• Sample complexity mH(A) determines the sample size of S required to achieve 
an error of (ε, δ)

• We bound sample complexity in terms of VC-dimension

• Target function may be realizable or not realizable
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Mistake Bound Algorithns
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Mistake Bound Models



Learnability: Mistake Bound Models



Learnability of Mistake Bound Models



Online Learning and Mistake Bound
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Mistake Bound Model of Online Learning



Online Learning



Online/Mistake Bound Learning



Is counting mistakes enough?



CONSISTENT Online Learner

• Equivalent to ERM



CONSISTENT Online Learner



Version Space

• Subset of the hypothesis space consisting of hypothesis that are 
consistent with a set of training examples

• Realizable target concept will have a non-null version space

• CON algorithm randomly picks an element of the version space



Mistake Bound of the CON Learner

• The CON algorithm makes at most |H| -1 mistakes



HALVING Algorithm
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HALVING Algorithm: Mistake Bound



HALVING Algorithm



Example



Learning Conjunctions: Elimination
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Learning Conjunctions: Elimination



Conservative Learner



Conservative Learner



Relation between PAC and Online Learning







Online Learning as a Game
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Online Learning as Game



Shattered Game Tree



Littlestone Dimension



Example 1



Example 2



Standard Optimal Algorothm







Unrealizable Case: Regret



Weighted Majority Rule

• Mixture of Experts

• Weight vector over the experts denoting probability of choosing an 
expert in a round

• Weight vector evolves with rounds





Regret of Weighted Majority Algorithm




