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Budding Tree

Bud Node
» Softening the notion of being a leaf, a bud node redirects instances to all its children (as in
an internal node), as well as makes a contribution itself (as in a leaf node).
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» v € [0, 1] is the (soft) leafness parameter.
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» gm(x) € (0,1) is the gating function that defines a soft selection among two children.
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» Regression: p is a scalar. The objective is MSE.
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» Binary Classification: p is a scalar, and there is an additional sigmoid application to the root
response. | he objective is cross-entropy.

a partial leaf.

» k-class Classification: p is a k dimensional vector, and there is an additional softmax
application to the root response. The objective is cross-entropy.

4. Node can go back to being a leaf during training. In general, any node
can go back an forth, becoming a leaf or internal, depending on the signal.
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Training a Budding Tree Visualization of Budding Tree Training on Toy Data

Objective function is J = E + A ) (1 — v,) where E is the error (cross-entropy for
classification and MSE for regression) and the other term is the regularizing term that
favors leaf nodes (hence, small trees).

We use stochastic gradient descent with the following gradient equations:
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where pa(m) is the parent node of node m.
Note that v, are constrained to be in [0, 1| during updates.
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Summary and Conclusions

» Budding trees are trained jointly, the parameters of all nodes are learned together, whereas soft trees (as well as hard trees) are trained incrementally.
» The model is shown to have better or comparable performance to hard and soft trees, while having fewer nodes.

» Budding trees solve the optimization problem over all node parameters, unlike soft and hard trees which solve incremental subproblems.

» Continuous induction of budding trees allow them to be used in an online learning setting, with small updates.
» Floating search over the tree space allow internal nodes to become leaves and leaf nodes to become internal nodes, unlike separate training and pruning phases in traditional decision tree construction.

» Budding trees retain the advantages of soft trees over hard trees: Soft response function provides smoother fits and less bias near the decision boundaries. A linear gating function enables oblique splits in

contrast to axis-orthogonal splits of univariate trees.

Results: Regression, Binary Classification & Multiclass Classification
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Code, data and more visualization examples available at http://www.cs.cornell.edu/~oirsoy/budding.htm.
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