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Introduction
We use boosting to create aggregated classifiers

under the assumption of weak learnability , i.e. given any distribution of 
the data, there exists at least one classifier better than random guessing.
Weak learnability = Linear separability (positive mar gin)

In addition: sparse classifier with large margin
1. Large margin improves generalization [Schapire 98 ]:

2. Sparsity facilitates consistency  [Zhang & Yu 05] :
Boosting is consistent if early stopping or certain regularization is applied.

Regularized Loss Minimization Problem

Prior Work 

[Hastie 2001] First put forward the idea of regularized boosting. 
[Rosset 2004] For certain loss functions, the solution to RLMP 
converges to a margin maximizing solution as .

Main Results 
1. Prove a convergence rate for the margin.

Abstract
Boosting algorithms with L1-regularization are of interest because L1-regularization leads to sparser composite classifiers. Moreover, Rosset et al. have shown that 
for separable data, standard L1-regularized loss minimization results in a margin maximizing classifier in the limit as regularization is relaxed. We extend these 
results by obtaining explicit convergence bounds on the regularization required to yield a margin within prescribed accuracy of the maximum achievable margin. We 
also introduce a new hybrid algorithm, AdaBoost+L1, that combines the virtues of AdaBoost with the sparsity of L1 regularization in a computationally efficient 
fashion.  We prove that the algorithm is margin maximizing and empirically examine its performance on UCI data sets.

2. New algorithm: Adaboost + L1
Although RLMP is conceptually easy, current methods such as epsilon 
Boost are time consuming. 

New approach: 
Combine the virtue of Adaboost with sparsity of L1 re gularization

Each iteration of Adaboost+L1:
Step 2 and 3: perform first part of standard Adaboost update.
Step 4 (key): solves a small convex optimization problem. 

Step 5 and 6: update the coefficients and the distribution.

Experiment
We compared between Adaboost and Adaboost+L1 

on five datasets from the UCI machine learning repository.

We repeated every experiment for 20 times with different training and 
testing examples then averaged the results (Fig. 2).
We used simple stumps as the basic classifiers. 

From Table 1, Adaboost+L1 achieves the same classification accuracy 
as Adaboost. On the other hand, from Table 2, Adaboost +L1 reduces 
the number of active classifiers by a considerable percentage. 
Therefore, this algorithm is preferable if a sparse set of features is 
advantageous for other purposes.

Conclusion
1. For RLMP, we have obtained a 
quantitative relationship between the 
regularization parameter and the 
achievable margin.

2. We derive a new efficient algorithm 
Adaboost+L1, which provably achieves 
the maximum margin in the limit. The 
algorithm yields a much sparser 
composite classifier with similar 
generalization performance.

Theorem 1 provides an explicit rate of convergence  of the 
margin to the maximum margin achievable.

For exponential loss,

For hinge loss type functions, Theorem 2 provides an 
explicit finite value for parameter r to yield the maximum 
margin (For comparison r--> infinity in Theorem 1).

Theorem 3 gives a stronger result based on stronger 
assumption on function L.

For exponential loss, 

Theorem 4 guarantees Adaboost+L1 algorithm to be margin 
maximizing in the limit.

Boost+L1 framework can be generalized to other loss 
functions such as logistic loss, to achieve a maximum margin 
solution.

Theorem 1 is proven based on the important lemma below.


