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Outline

« Knockoffs Pruning for Segmentation Model
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Paper Review

Paper Title: Instance-wise Causal Feature Selection for Model Interpretation

Authors: Panda, Pranoy, Sai Srinivas Kancheti, and Vineeth N. Balasubramanian.

Conference: CVPR 2021
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Abstract

We formulate a causal extension to the recently introduced paradigm of instance-wise feature
selection to explain black-box visual classifiers. Our method selects a subset of input features
that has the greatest causal effect on the model’s output. We quantify the causal influence of a
subset of features by the Relative Entropy Distance measure. Under certain assumptions this is
equivalent to the conditional mutual information between the selected subset and the output
variable. The resulting causal selections are sparser and cover salient objects in the scene. We
show the efficacy of our approach on multiple vision datasets by measuring the post-hoc

accuracy and Average Causal Effect of selected features on the model’s output.
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Introduction of the Paper

Vision Black box model and Interpretability
=>|nstance-wise Feature Selection -> Select superpixels or patches

Existing Works: L2X and INVASE
-> have optimization functions which try to maximize mutual information,

but mutual information does not always capture causal strength.

“For an explanation to be correct, the selected features should be causally
consistent with the model being explained.”

“We hypothesize that the most sparse and class discriminative features are
indeed the most causal features, and they form good visual explanations.”
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Experiments of the Paper

- Use MNIST and CIFAR
- Each Comparison Methods Select patches of images

- Post-hoc accuracy:
1

|Xval|

- Average Causal Effect (ACE):

Average of Individual Causal Effect (ICE)
ICE = P(les) — P(Y|%Xrandom)

D (argmax(P(ylx)) == argmax(P(ylx,))
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-

G =: Development of Pre-trained Deep Learning Model for Segmentation
of Structures of Major Interest in the Medical Field
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