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Theoretical Results

• Local attribution 
explainers generate 
feature importance 
values for a given data 
sample and black-box 
model.

•Removal-Based 
Explainers [4] are a class 
of explainer that evaluate 
change in model 
prediction when 
“removing” features

Background and Motivation

Intuition: The probability of two data samples !,!’ within 
distance r of each other will also have explanations that 
are within some bounded distance of each other

Astuteness: A Metric for Explainer Robustness

TL; DR
•We formalize the explainer astuteness metric, which 

captures how well a given explainer provides similar 
explanations to similar points.

•We prove theorems which imply locally smooth prediction 
functions lend themselves to locally robust 
explanations.

Astuteness and Model Smoothness

Experiments
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Left: Plotting astuteness 
while varying the Lipschitz 
regularization on the 
prediction function shows 
that smooth functions 
result in astute 
explanations.

Right: Astuteness as a 
metric for comparing 
explainers.

Example: Local Linear Explainer ɸ

Definition: Probabilistic Lipschitzness [2]
Given α ∈ 0,1 , '	 ≥ 0, a function *:ℝ! → ℝ is probabilistic Lipschitz with constant 
. ≥ 0 if /","!∼% 0& * ! , * !' ≤ .0& !, !' 0& !, !' ≤ ' ≥ 1 − α

Theorems: Lower Bounds for Explainer Astuteness
Consider a given ' ≥ 0 and α ∈ 0,1  and a trained predictive function that is 
probabilistic Lipschitz with constant ., radius ' measured with and 0& ⋅,⋅  and 
with probability at least 1 − α.

Theorem 1: SHAP [3]
Astuteness 4(,) ≥ 1 − β for λ =
2" 0., where β ≥ α and β → α

Theorem 2: Remove Individual [4]

λ-astute for radius ' and λ = 2" 0.
Theorem 3: RISE [5]

Astuteness 4_(',λ)≥1−α for λ =
2" 0.

Below: Difference between AUC 
predicted by our theorems and 
empirical AUC. 

Below: Comparing 
astuteness AUC 
with other 
explainer metrics

•We quantify explainer robustness and establish a theoretical 
connection with black-box model smoothness. 

Explainer Robustness:
Similar data samples !,!’ 
should have similar 
explanations ϕ(!),ϕ(!’)
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