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Problem | Pruning Tree Ensembles 2/12
Tree ensemble classification (e.g., XGBoost, LightGBM)
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Problem | Pruning Tree Ensembles 3/12
Tree ensemble classification (e.g., - XGBoost, LightGBM)
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Pruning : Removing Trees
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Background | Pruning Can Change Predictions
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Overview | Faithful Pruning
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® Faithful only on plausible inputs

® Faithful on all inputs

® Fewer trees retained

® Many trees retained
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Key idea

+ guarantee faithfulness only on plausible inputs
s(x) < 1(a)
— =
[ Plausible score s(x) ] Threshold 7(a)
- Chow-Liu tree —\ ~— Split Conformal —

\ % \ > %

argmin #retained trees
subject to Faithful@In-distribution region Xp(a)
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Plausible score s(x)
~~— Chow-Liu tree =

S5

A Ilghtwelght distribution model using a Chow-Liu tree [Chow+, IEEE TIT'68]
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Capture strongest feature dependencies
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~— Split Conformal —

Threshold 7(«)
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Threshold calibration via split conformal calibration [Lei+, JASA18]
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Set 7(a) as the (1 — a)-quantile
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Pruning @Xp(a)
FIPE N
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Apply FIPE [Emine+, AAAI'25] within the in-distribution region

FIPE-based pruning

Original Ensemble Se< Prune as much as possible
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Results | Better Pruning-Fidelity Trade-off
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[w FIPE preserves predictions] FICO dataset
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® Pruning tree ensembles while preserving predictions

B Improves the pruning-fidelity trade-off across 12 datasets

® © Pros o
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B No guarantee under distribution shift
B Predictions may change on OOD inputs



