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Paper Review
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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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Methodology

A black box classifier F: RY - Y
A explainer/selector network Ej: R - S, where S, = {e|e € {0,1}%, |e| = k}

E, chooses a subset of features (size of subset is fixed as k) for each input that

best explains the predictions made by F.
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Methodology

Causal Model:
X->Y

Causal Metric:
Relative Entropy Distance (RED)
is an information theoretic causal strength measure, Figure 1. Black-box model as a SCM

which is based on performing interventions on the causal graph and exposing
the target of the cut/intervened edges with product of marginal distributions.

intervention o/= 2= [intervénfen] []) =4l []) *
1. SAL ALOIO] =5, 7HAk; =2, SM
2. A (Bf=2 LIE SOfl oih) 1Y, (W) 2 [&=5] 748 ¢

. 9 8 (sRtel) 24 271
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Methodology

RED's useful properties:
e |t can capture the non-linear, complex relationship between input and output.

« The causal strength of an edge X; — Y; depends on X; and the other parents
of ¥; and on the joint distribution of parents of ¥;. This locality property ensures

that we do not have to take into account the causes of X; when computing
causal influence of X; on Y; , unless the causes are also immediate causes of Y;.

— RED is a authors' choice.
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Methodology

Lemma 1.1

The causal strength of a subset of links s going from input X to the response

variable of the model Y, denoted as CS;, is given as follows:
CSs = I(Xs; Y|Xs) (1)

Here, X denotes the features in set s, X5 denotes the features not in set s, and
X =X, UXs.
=> CSg = I(Xs; Y|Xg) = —HY|X) + H(Y| X3)
=> max CSg = min Eyx_ [log(P(Y|X3)]
S S

where P(Y|X3) is the explainer’s output distribution
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Methodology

Two main Issues:

1) Approximating P(Y|Xs)

to estimate P(Y|Xs), simply use the output of the F,
Xs: if 5;=0, Xg5; = X;, else Xg; =

2) Continuous subset sampling

Use Gumbel Softmax trick:

Define a function g which maps each input feature X; to a value which
indicates its probability of being part of S.

Learn g via a neural network parameterized by 6.
Estimate S by a function Z(9,{), where { is Gumbel random variables.
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Methodology

Final Optimization Function:
max CSs = min Ey x_ [log(P(Y|X3)]
S S

— mHin EX,Y,C [lOg(F (Z(H' ()GX))]

= minExyz [ POIX) log(F(Z(6, 0)OX)]
y=1
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Experiments of the Paper
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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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H Ol M (Tsochatzidis et al., 2021):
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