Interpretable Generative Stress Testing

A Framework to Audit Decision Boundaries through  m;

Synthetic Data Generation
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1.2. SYNTHETIC DATA GENERATION indor review
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finding patterns + synthetic data
explain low-confidence generation

1.3. FINDING PATTERNS

Synthetic Data Generation on the Decision Boundary
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1.3. EXPLAINING LOW-CONFIDENCE WACY
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subgroup discovery to identify OR concept-based XAl to identify

groups of images driving low-confidence

visual features driving low-confidence

Global textual explanations easily integrated in model
cards
. Images may belong to multiple subgroups

t. Descriptions depend on VLM quality

Pinpoints specific visual concepts (local and global
explanations)
. Low confidence may come from missing features

. Mixed-class samples hard to detect

Open question: how to characterize the decision boundary?
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