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Background and Motivation

Many feature attribution methods have been proposed — explainers are typically compared
using faithfulness metrics.

When explainers show similar faithfulness scores, we need additional selection criteria -

e.g. complexity —just as we prefer simpler models with equivalent accuracy.

The term “local” is vague, and often used interchangeably with “instance-wise”.

We propose Wasserstein Globalness, a continuous metric that measures explanation
diversity, where higher globalness indicates more similar explanations across the dataset. zws. o,

Wasserstein Globalness can be applied to feature attribution or selection, and allows
choice of explanation similarity metric.
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Axiomatic Explainer Globalness

Desired Properties for a Globalness Metric
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Experiments

Comparing Explainer Faithfulness and Globalness
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Evaluating “Ground Truth” Globalness on Synthetic Data ]
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