Locally Explaining Prediction Behavior via Gradual Interventions and Measuring Property Gradients
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1. Causal Perspective on Explanations 3. Measuring Changes in Model Behavior

- Data generating systems can be studied as Structural Causal Models*

* Neural networks are data generating systems and we are interested in
changes in the model outputs Y
- The Causal Hierarchy Theorem® states that in the general case the
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4. Baseline Comparisons

Final accuracies in percent (%) achieved by various models trained
to differentiate young versus old in CelebA. We split between Im-
ageNet pre-training (“PT”) and random initialization (“RI”) and
calculate the performance delta (A).

E[|Vx|] for colorful patch interventions in skin lesion classifiers.
We evaluate different models and training data.

- Training analysis of CelebA’
young vs. old classifiers

- Application: Analysis of
melanoma' classifiers

Training Data

LIME as a Local Attribution Baseline

Our Approach to Quantify Impact
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