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Boosting algorithms with L1-regularization are of interest because L1regularization leads to sparser composite classifiers. Moreover, Rosset et al. have shown that
for separable data, standard Lp regularized loss minimization results in a margin maximizing classifier in the limit as regularization is relaxed. For the L1 case, 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.

Introduction
Boosting as a way of aggregating classifiers:
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Example: Adaboost

Pseudocode for AdaBoost:
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Week learnable assumption: Given any distribution of the data, we
can always find at least one classifier better than random guessing.
Weak learnability = Linear separability (positive margin)
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Motivation: sparse classifier with large margin
1. Large margin improves generalization [Schapire 98]:

With probability at least 1 — &, V[ € co(H),¥8 = 0:
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2. Sparsity facilitates consistency [Zhang & Yu 05]:

Boosting is shown to be consistent if early stopping or certain
regularization is applied.
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Margin maximization through RLMP
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Reqularized Loss Minimization Problem (RLMP) with
loss function L and parameter r > 0 is:
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Existing theory [Rosset 2004]

For margin maximizing loss functions, the solution to RLMP
converges to a margin maximizing solution as regularization vanishes.

Conclusion
Our contribution

New algorithm: Adaboost + L1
Although RLMP is conceptually easy, implementing is time consuming.
Eg: Epsilon Boost, a variant of Adaboost

Adaboost+L1: combine the virtue of Adaboost with sparsity of L1
regularization

AdaBoost+Ly

1. Initialize: select 1 € (0,1], set rg = 0, g = 0 €
RV, Up =0 and dp(i) = L.i=1,..., m.
Fort=1,2,...
2. Find hy, € 'H such that e(hy, dey) = 8*.
3. Update U/ and r:

. r ’ e(hy.de
Up=UgU{k}, re=re+§infEghae=y.
4. Solve the (small) convex minimization problem over
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5. Update the coefficients:
A 0 if j el
alj) = e
0 otherwise
G. Update the distribution:
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Figure 1: The AdaBoost+L,; algorithm.

Each iteration of Adaboost+L1:

Step 2 and 3: perform first part of Standard Adaboost update

Step 4 (key): solves a small convex problem (L1 regularized loss minimization)
Step 5 and 6: update the coefficients and the distribution

Theorem 2. Let oy be the solution of AdaBoost+L,
o o] Then
limy . ptloey) = 8, and every limit point of o, is
margin marimizing.
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Note: Boost+L1 framework can be generalized to other loss functions such as
Logistic loss, to achieve a maximum margin solution.

Experiment Results

Comparison between Adaboost and Adaboost+L1 on five datasets:
1. Breiman Ringnorm 20 dimension

2. Diabetes (detecting diabetes based on medical information)

3. German (determining credit based on financial histories)

4. Spam (identifying spam email messages based on word frequencies)
5. lonosphere (classifying radar returns from the ionosphere)

We run experiments for 20 times with different training and testing

examples, and average the results, shown in Figure 2. We use simple
stumps as the basic classifiers.

From Table 1, we find Adaboost+L1 unnecessary if the only objective is low
classification error. 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.

1. For RLMP, we have obtained a quantitative relationship between the

[Y. T. Xi et. al., submitted to AISTATS 2009] regularization parameter and the achievable margin.

Prove a convergence rate for the margin maximizing process. . . i . .
2. We derive a new efficient algorithm Adaboost+L1, which provably achieves

the maximum margin in the limit. The algorithm is able to yield a much sparser
composite classifier with same or better generalization performance.

Theorem 1. Assume L is conver, differentiable and
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