mipbe.

JIC N

UNIVERSITY
OF MANNHEIM

ICLR GRANDE: Gradient-Based Decision Tree

Infernational Conference On
Learning Representations

&

Combining a gradient-
based optimization with

Motivation Case Study: PhishingWebsites Dataset

Task: identifying malicious websites based on meta- data and additional observable characteristics

Tabular data is most frequent type of data:

 Comes with several challenges (heterogeneous data, class imbalance,...)
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Anchors Explanations. This figure shows the local explanations generated by Anchors for the given instance. The explanation for
GRANDE only comprises a single rule. In contrast, the corresponding explanations for the other methods have significantly higher
complexity, which indicates that these methods are not able to learn simple representations within a complex model.

(1) Hardmax function to enforce one-hot encoded split vectors = univariate, axis-aligned DTs

(2) Discretization of the split function (round the sigmoid output) = hard splits
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