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Marco T. Ribeiro et al. :

“Why Should I Trust You?” : Explaining the Predictions of Any Classifier

Proc. 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining-KDD'16
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LIME (Local Interpretable Model-
agnostic Explanations)
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Algorithm 1 Sparse Linear Explanations using LIME

Require: Classifier f, Number of samples N
Require: Instance x, and its interpretable version '
Require: Similarity kernel 7., Length of explanation K

Z <+ {}
forie {1,2,3,..,N} do
z; < sample_around(x")
Z <+ 2 Uz, f(2i), T2 (20))
end for

w <+ K-Lasso(Z, K) > with z as features, f(z) as target

return w
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