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Abstract
Formal explainability of neural network classifiers increasingly relies on logical reasoning to obtain guarantees
about model behaviour in regions of the continuous input space, not just at isolated sample points. Existing
formal XAI techniques [1, 2, 3, 4, 5, 6] often yield explanations that constrain each feature independently and
therefore cannot capture the rich dependencies among features that underlie non-trivial decision boundaries. This
limitation leads to explanations that are either too weak to be informative or too local to provide insight beyond
the queried sample. This work introduces space explanations, a logic-based notion of explanation that represents
sufficient conditions for a neural network to predict a given class over a (potentially large and geometrically
complex) subset of the feature space. A space explanation is a logical formula that is sound with respect to
the classifier: every point satisfying the formula is guaranteed to be classified into the target class. Due to the
generality of space explanations, they can approximate non-linear decision boundaries and express relationships
among features.

To automatically generate space explanations, we leverage a range of flexible Craig interpolation [7] algorithms
and unsatisfiable core generation. The framework supports several strategies that expose different uses of
interpolation and unsatisfiable cores. A Generalize strategy computes interpolants using families of arithmetic
interpolation algorithms. A Reduce strategy weakens and simplifies explanations by computing unsatisfiable
cores; ACapture strategy focuses generalization on a chosen subset of features, keeping the remaining dimensions
fixed and thereby isolating interpretable relationships between selected features while still leveraging interpolation
for sound generalization. These strategies are implemented in the prototype tool SpEXplAIn, focusing on QF_LRA
logic, on top of the interpolating solver OpenSMT2 [8, 9] and integrates multiple interpolation algorithms. Based
on real-life case studies, ranging from small to medium to large size, we demonstrate that the interpolation-based
explanations are more meaningful than those computed by state-of-the-art.
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