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METHOD

LIME (Local Interpretable Model-agnostic Explanation)
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LIME (Local Interpretable Model-agnostic Explanation)
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METHOD

LIME (Local Interpretable Model-agnostic Explanation)
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METHOD

Interpretable Data Representation
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METHOD

Sampling for Local Exploration
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METHOD

Fidelity-Interpretability Trade-off
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Sparse Linear Explanations

;
L 2. InstanceZ oMot K} of=
+" | HI=gr O] HElHl T2t s Xl 23
4+ @
-+ © =
L@ N — JIsXIJ =2 22 InstanceE
| @ o® | AME0HH Linearet ZE= 2 Atet
I
I
7

FeatureQ =R = off&d HEO| H|Z



METHOD Sampling fo

Local Explanation

p(Personsg) = 0.623

Sparse Linear
Explanation

Interpretable
Original Input Data Representation
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Best Explanation

p(Personsg) = 0.717
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METHOD

SP-LIME (submodular Pick-LIME)
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METHOD

SP-LIME (Submodular Pick-LIME)
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EXPERIENCE
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Figure 6: Recall on truly important features for two
interpretable classifiers on the books dataset.
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Figure 7: Recall on truly important features for two
interpretable classifiers on the DVDs dataset.
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(b) Explanation

Before After

Trusted the bad model
Snow as a potential feature

10 out of 27 3 out of 27
12 out of 27 25 out of 27
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CONCLUSION
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