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Interpretable Machine Learning: Sum-of-Rules Model
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Training an Entire Pareto Frontier Insights from Sum-of-Rules Models
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Computational Challenges Substantially Faster

Our method is >5x faster
than others on datasets
with >100k rows.

We train the entire
frontier at once. Others
train one model at a
time.
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NP-Hard.
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We seek a frontier of
Sum-of-Rules models.
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Sum-of-Rules

Popular distillation-
based methods are
suboptimal.

2025-2027 MIT Portugal Program Joint Integrated Proposal in Artificial Intelligence, “Advancing XAl: Intepretability, trust, and model utility”.

Datasets B. Bischl et al.,, “OpenML: Insights from 10 years and more than a thousand papers,” Patterns, vol. 6, 2025.
GLRM D. Wei et al.,, “Generalized linear rule models,” in Proceedings of the 36th International Conference on Machine
earning, K. Chaudhuri et al,, Eds., vol. 97, 2019.

—

Funded by:

—

rya et al., One explanation does not fit all: A toolkit and taxonomy of ai explainability techniques, 2019.
eb et al., "A fast and elitist multiobjective genetic algorithm: NSGA-II,” IEEE Trans. Evol. Comput,, vol. 6, 2002.
F

LA
NSGA-II .D
-A. Fortin et al,, “Deap: Evolutionary algorithms made easy,” Journal of Machine Learning Research, vol. 13, 2012.
. Liu et a
. Li

~+ ~ ~

TreeExtract

This publication was made possible by the generous support of the Government of Portugal through the Portuguese Foundation for FIRE
H Portu al - International Cooperation in Science, Technology and Higher Education and was undertaken in the MIT Portugal Program. FIGS
I I g Fundacao This material is based upon work supported by the National Science Foundation Graduate Research Fellowship Program under Grant RuleFit
I

P para a Ciéncia No. 2141064. Any opinions, findings, and conclusions or recommendations expressed in this material are those of the authors and do Boosted Rules
rog ram e a Tecnologia not necessarily reflect the views of the National Science Foundation.

al,
iu [, “Extracting interpretable models from tree ensembles: Computational and statistical perspectives,”

ournal of the American Statistical Association, vol. O, 2026.

iu et al., “Fire: An optimization approach for fast interpretable rule extraction,” in Proceedings of the 29th ACM

GKDD Conference on Knowledge Discovery and Data Mining, 2023.

S.Tan et al, “Fast interpretable greedy-tree sums,” Proceedings of the National Academy of Sciences, vol. 122, 2025.

et al., “Predictive learning via rule ensembles,” The Annals of Applied Statistics, vol. 2, 2008.
eund et al, “A decision-theoretic generalization of on-line learning and an application to boosting,” Journal of
i l. 55

NO<XY<vmeYmmnx<



	Slide 1


   R 2


   R 2


     min  𝛽 , b   :      ‖ 𝛽 ‖ 0 ≤ B ⁡  ℒ  ( 𝛽 , b ) +   ∑ k   𝜆 k   𝟏 [  𝛽 j ≠ 0 ]  f k (  R j )

