
• Classifier-Free Guidance   
for conditioning

• Sampling nonlinear 
inbetween steps

• Gradual interventions 
enables study of changes
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1. Causal Perspective on Explanations 3. Measuring Changes in Model Behavior
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4. Baseline Comparisons

• 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 Ŷ 
• The Causal Hierarchy Theorem   states that in the general case the 

causal hierarchy does not collapse
           Interventional data is necessary for interventional insights 

• Training analysis of CelebA   
young vs. old classifiers

• Split between random initialized 
and pretrained weights

• Intervention on the haircolor 

Fur color not correlated with class. Trained on light dogs and dark cats. Trained on dark dogs and light cats.

Model 1: Unbiased Model 2: Dark Cats Model 3: Dark Dogs

Performance:
Balanced Accuracy 

across fur colors

Performance:
Biased. Fails on light
cats and dark dogs.

!
Performance:

Biased. Fails on dark
cats and light dogs.

!

• Gradient magnitude w.r.t. the property of interest to measure change
• Generalization of the Causal Concept Effect   for gradual interventions

Property gradient magnitudes 
correlate with prediction flips
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Our Approach to Quantify Impact LIME as a Local Attribution Baseline
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Properties are also forgotten 
in later training stages
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• Application: Analysis of 
melanoma  classifiers

• Synthetic colorful patch 
intervention, a known bias

• Various backbones
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What Happens Under Gradual Interventions?
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Using Generative Models to Trace Causal Drivers of Local Predictions.


