Explainable Al_P2: Why Does a Cat Look
Like (for a Model)

Global Explanation: Explain the whole Model
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GLOBAL EXPLANATION:
EXPLAIN THE WHOLE MODEL

Question: What does a “cat” look like?
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What does a filter detect?
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Image X contains the patterns
filter 1 can detect.

Let’s create an image including the patterns.
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, The image contains the patterns
filter 1 can detect.
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What does a digit look like for CNN?
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What does a digit look like
for CNN?

E.g., Digit classifier
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Find the image that The image should looks like a digit.
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With several regularization terms, and hyperparameter tuning .....
https://arxiv.org/abs/1506.06579
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Because ... ‘
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Local Explanation

Why do you think this image is a cat?

Global Explanation

What does a “cat” look like?

(not referred to a specific image)
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Using an interpretable model to mimic the
OUthOk behavior of an uninterpretable model.
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Local Interpretable Model-Agnostic Explanations (LIME)
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