Pushing the Envelope of Gradient Boosting Forests via
Globally-Optimized Oblique Trees
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nence due to their: O = {(W;, Wjo)}iep U {0}, decision nodes in set D, leaves in set £, we optimize: Table 1: Comparison of different forest-based models for classification (top) and regression (bottom), sorted by decreasing test error. We report 0-1 test error or RMSE

- Strong empirical performance on many problems

Eist (Mean=std over 5 repeats), and the number of parameters in the model. T refers to the number of trees. A is the max depth of the forest.
- The development of extremely efficient implementations such as XGBoost or LightGBM.
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limited by the depth A in axis-aligned achieve higher accuracy and require depth (in parallel) from the leaves to the root, by solving either an ¢4-regularized logistic Figure 1: Comparison of different GB forests as a function of the number of boosting steps M (top) and time (bottom). All methods except GB-sklearn are trained using

trees. fewer trees. regression at each decision node, or the above exact solution as each leaf. parallel processing on a shared memory system with 8 processors.
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