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Model reconstruction is important to understand
model behaviour and improve accountability.
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Counterfactual Explanations (CFs) can help model
reconstruction.
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Density

Current related works face critical limitations.
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We propose to leverage CFs as soft samples for
both classes.
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We construct counterfactual-aware Wasserstein
barycenters as prototypes.
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Classification is done by comparing distances
between input and prototypes.
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Fidelity and accuracy do not capture the same.
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Distributional prototypes achieve high fidelity
under low data regimes.
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Distributional prototypes average out noise.
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We adopt TIEO and TIDP [2] to enable fairness

diagnostic.
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AECAST creates a surrogate \

model based on Wasserstein

prototypes. RECAST:

e captures relationships
between data distributions,

e forms robust class prototypes
that effectively represent both
labeled data and CFs,

e under one-sided CF access

k and limited query budgets./
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