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Introduction Predictive accuracy

Decision trees come in two basic types: soft (SDTs) For the exact same tree structure, a SDT has a strictly higher representation power than a
and hard (HDTs). An input instance follows each root- HDT. But, depending on the dataset, this need not result in a more accurate tree, particularly
leaf path with a positive probability in SDTs, and ex- if one accounts for inference time and number of parameters.
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Training trees

Soft tree. Each decision node / assigns a probability to its right child of Do the experts SPECIa“ZE ina SDT?
J(WI-TX—I—W,-O), The output is computed as follows: S( Zj€|eaves pj(x; W) qj) Empirically, the leaves (“experts”) in a SDT overlap heavily, rather than

where p;(x; W) is a leaf probability. We use a cross-entropy loss to opti- specializing narrowly, and an input instance reaches multiple leaves with
mize the tree. significant probability. This makes interpreting SDTs very hard.
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9 Sparsifying and pruning

Hardening a SDT into a HDT (as sometimes done to make it

faster and interpretable) significantly decreases its accuracy and Sparsifying the weight vectors via an /4 penalty results in fewer nonzero

is much worse than training a HDT with TAO. parameters and a smaller tree structure. Specifically, when a decision

We consider the following hardening techniques: Greedy Harden- nqde’s weightg w; = 0, it makes thi.s node redundant. _HOWGVGF, ?n SDTs,
ing (SDTy), Path-Based Hardening (SDTp), Weight-Based Hard- this node continues to send each instance to both children, so it cannot
ening (HDTg), Sample-Leaf Probability Hardening (HDTp). be pruned.



