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1    Motivation

Why Explanation Quality Matters
XAI is crucial for trustworthy and 
transparent AI, but evaluating 
explanations is challenging
without ground-truth annotations.

Limits of  Existing  Metrics
Perturbation-based metrics often 
disagree with human intuition-
rewarding large or irrelevant 
regions instead of compact, 
sufficient ones.

Our Goal
We introduce a new metric, 
MSI, that balances sufficiency 
and minimality, and a novel 
method, LAX, that learns causal 
explanations without degrading
 model performance.

3 Metric: MSI

MSI addresses two key limitations of existing metrics.

2 LAX (Learnable Adapter eXplanation)
We train a small adapter module on top of any frozen black-
box model using a differentiable approximation of MSI.

Key Benefits
Adapter g is lightweight and trainable on any pre-trained
model.

Trained in a self-supervised way using MSI objective.

Generates high-quality, causal explanations without 
ground-truth annotations or affecting the base model's
accuracy.

(i) Multiple valid explanations 
Different regions can be sufficient for the same prediction.

(ii) Penalty for large masks
Oversized masks are penalized even if prediction is 
preserved
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MSI combines these ideas

Higher MSI means better explanations.

4 Quantitative Results

5 Qualitative Examples
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LAX produces more focused and semantically meaningful
explanations.
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MSI provides a fair and reliable way
to evaluate explanations without
ground-truth.

LAX leverages MSI to learn compact,
sufficient and semantically aligned
explanations.

This work advances explainability
towards more trustworthy AI
systems.
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MSI evaluates whether an explanation is sufficient,
compact, and robust to multiple valid explanations.
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