
Boosting 
Boosting algorithms typically combine “weak” or mildly accurate predictors 
into a strong predictor that has a much better accuracy. This is achieved by 
iteratively calling the weak learning oracle with modified distributions over 
the data, And then, combine those learned classifiers from each round, and 
take the majority vote as the final predictor.

Agnostic learning removes the realizability assumption that the data is 
generated by a hypothesis in a given class, and only aims at competing 
with the best predictor in a given  class, rather than perfectly fitting the 
data. In many practical problems the realizability assumption does not 
hold, and it is more realistic to assume the agnostic setting. 

Boosting in different learning settings:

Online Convex Optimization (OCO)

Online Agnostic Boosting via OCO Online Boosting with Bandit Feedback

Boosted
Classifier

Classical Boosting holds in the Statistical and Realizable learning setting.  
Can we achieve in other learning settings, e.g. Online and/or Agnostic? 

Intuition: A zero-sum game between Weak learner and OCO, w.r.t carefully 
designed value function. Iterative game playing results in a boosted learner. 

Our approach generalizes to other learning setting: 

Note: our complexity bounds can be suboptimal compared to previous 
work’s bounds. However, it demonstrates the tight connection between 
boosting and regret minimization and unifies the existing theory. 

OCO is an optimization process that is sequential. Given a sequence of 
convex loss functions; and a set of allowed actions K, at each round the 
optimizer picks an action to minimize the unknown loss function. Then the 
player observes the loss function The goal is to minimize the regret: the 
difference between the sum of losses incurred by the player, and the sum of 
losses with the best single action in hindsight.

• Setting: Online regression learning with partial information 
• Motivation: Reinforcement learning, sub-modular optimization, etc. 

• Challenge 1: Exact gradients are infeasible/unknown 
• Challenge 2: Projection onto constraint set is expensive 

• Goal: Projection-free OCO with Stochastic Gradients.  

Can we just plugin stochastic gradients into Frank-Wolfe? 

References


