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(Superpixel Exclusion-Inclusion Multiscale Approach for Explanations of Deep Learning)
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Abstract

As deep learning became popular, the research that explained the prediction results became important. Recently,
superpixel based multi-scale combining technique has been proposed, which provides the advantage of visual
pleasing by maintaining the shape of the object. Based on the principle of prediction difference, this technique
computes the saliency map by the difference between the predicted result excluding the superpixel and the original
predicted result. In this paper, we propose a new technique that not only excludes super pixels but also includes

super pixels. Experimental results show 3.3% improvement in IoU evaluation.

B keywords : deep learning; explanation model; superpixel; visualization
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[Algorithm 1] Regional Multi-scale Prediction Difference by using Ex
Input: trained classifier f, image X, target class ¢, multi-scale num.

Output: saliency map s

1: Run f to get p(y=dx)

2: Estimate N(u, o %) from the boundary segmented with scale 2°
3 for j=1 to r do // for each scale

T R Ry
for each region i do // 229 FrHE Al A9 Ak A&

4:  Perform a segmentation with the scale 2’
Simulate the exclusion of i using My, %), ie, x,;

5

6

T Run f to get p(y=dx)

8 for each pixel ¢ in the region 7 do
9

sé:max (0 l]( (y=dx), ply :C‘X\i)))

10: end for
11:  end for
12: end for

3 1 T j
13 s=—3]5 s
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[Algorithm 2] Regional Multi-scale Prediction Difference by using
Ex-In

Input: trained classifier f, image X, target class ¢, multi-scale
number 7

Output: saliency map s

I: Run £ to get p(y=dx)

2: Estimate N(i, 0°) from the image x segmented with scale 2°
3 for j=1 to r do // for each scale

4 Perform a segmentation with the scale 2/ // 74 #-&
5 for each region i do // Ex 9%+

6: Simulate the exclusion of i using N(p, 6%), ie., Xy
7 Run £ to get p(y=dx,;)

8 for each pixel ¢ in the region 7 do

9 (es)! =maz (0,9(p(y=dx), ply=dx,)))

10: end for

11:  end for

122 for each region i do // In &4t

13: Simulate the Inclusion of ¢ using N(u, 0%), ie, x,;
14: Run f to get p(y:c\x/i)

15: for each pixel ¢ in the region i do

16: (is)) =maz (0,9(p(y=dx), ply=dx,,)))

17: end for

18°  end for

19: end for

20 s =mean(%22:1(es)-7+%Z;:l(is)j)
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