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TL; DR

®* We introduce the GPEC framework to quantify
uncertainty for feature attribution explanations.

® We propose the Weighted Exponential

Geodesic (WEG) kernel which captures local
decision boundary complexity between samples.

® GPEC uses a Gaussian process model to

combine uncertainty due to 1) local decision

boundary complexity and 2) function
approximation.

 Local Feature Attribution Explainers generate importance
scores for any given sample and prediction model.

* Explainers are function approximators of the prediction
model; this approximation can have estimation uncertainty.

* Explainers can also be inconsistent, and/or unstable,
especially for samples near nonlinear/complex decision
boundaries. Therefore these regions may engender higher
uncertainty

* Given two samples and their explanations, how much
information does one explanation provide about the other?
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GPEC Framework

En,d = H, (Xn)l + Nnd
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Decision Boundary — Aware Uncertainty

Hy(Xn) ~ GP(0, k("))

* The distribution over functions that may have
generated the observed explanations
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GPEC Framework Overview:

~ k(X

« Can be used with e.g. BayesLIME /
» Kernel k(-,-) encodes similarity between samples; BayesSHAP [2] or estimated empirically.
the novel WEG kernel can capture local decision

boundary complexity.
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Function Approximation Uncertainty

Idea: Model Explainers as latent functions with noisy “labels” (i.e. their explanations E)

Nnd ~ N(O; 6121,d)
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* Uncertainty from stochastic explainers

GPEC Combined Uncertainty for a given sample: Variance of the GP Predictive

Distribution Vd[a:*] _ k( U'GZlIN]_lk(X, :13*)

How can decision boundary complexity be
quantified?

= Geodesic distance between points m, m’

Exponential Geodesic (EG) Kernel [1]
kea(m,m’) = exp [—Adgeo(m, m’)]

We extend the EG kernel by weighting each
boundary sample by distance to data samples:

a(m|z, p) o< exp [—pllz — m|[3] p(m)

Weighted Exponential Geodesic (WEG) Kernel

kweg(z, ") //kEGmm)

x q(ml|z, p) g(m'|z’, p) dmdm/
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Theorem 1. Given two points x,z’ € X N Mp, then

Theorem 2. Let P be a (d-1)-dimension Piecewise Linear manifold em-
bedded in RP.

r') < k(z,z') Vz, 2’ € RP.
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kweg(z,z') = kga(z, )

Let P be a perturbation of P and define k(z,z') and
as the WEG kernels defined on P and P respectively. Then
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