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. Airedale: 45.23%
. Otterhound: 11.68%
. Lakeland terrier: 11.47%
. Norfolk_terrier: 3.24%

. Irish_terrier: 2.58%

Problem

Problem1: Given a classification model, an
input vector, and a confidence score for the target,

weigh the input samples in the order of their
importance for classification of the input to the

target class.
Problem2: Given a relevancemask and a
generative model, identity the distribution of

acceptable variations for the important input
samples.
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Motivation

1. Interpretability | as model complexity 1
2. Model outcome critical in decision-making

(a) Medical applications
(b) Self-driving cars
(c) Safety-Critical autonomous systems

3. Risk to human lives, property, and the envi-
ronment

Notations & Initializations

Input X : A € {1,...,H} x {1,.. W} — R3},
Output A confidence score in the target class
c € R, Classifier f: X — RC

Preserved: A,

Masked Pixels: A g
A=A, UAg

50 100

0 M(A): (2212x2;401) M(A) — M(Aon) —+ M(Aoﬂ‘)

M: Estimates saliency-map, B: Binary bounding-
box for M using a threshold, R: Inverted and con-

volved (kernel (s x s)) version of B
X M B R

Complete Images

Saliency-Map Algorithm

Key: The classifier’s output is sensitive to the
changes in the input.

Mask Estimation Algorithm |

Input: Inputimage I € Z, Target class c € C
Output: saliency map M Compute model's

Initialisation : M, € R confidence(pi)

1: fori=1to N do in target class (¢)
using masked input(/ © M
pi(cl(I©M)) = f(I ©M) / ( )
Ap < |pi — pi—1]
) preserved(A.,) and
Ay < randomly select ny(1 — p;) pixels of A, )
A AU A, }{masked pixel (Aof)

M <+ upsample M;_,

, Revise the set of
Ay < randomly select n;p; pixels of A
Aoﬂ: <— A \ Aon

© N> D R D

9: 1f (N € Aop) then
10: Mz(/\) — Mz_l(/\>Ap
11:  end if
12: if (/\ S Aof-f) then
13: MZ(/\) +~ 0
14:  end if
15 V=2 M2 - M+ X MY - M
T,y LY

16 M« M;+nV M,
17: end for
18: return M

Update Mask
P

» Estimated Saliency-Map

Explanation using saliency based approach lacks
consistency in the detected relevent regions across
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Alternate Variations

Key: Latent space (z) is invariant to small pretur-

bations (rotation, inversion, scaling, and shear).
Generative Adverserial Network

a / \ Latent Space

N Actual
nput (Compressed

representation
B o e >of masked input
8 Masked \ A / (B)
Input l

Loo'kup closest encoding (Z/) for B

Use backpropagation, learn the encoding (z’) by
minimizing the loss L(z') =
Lcontextual = 7

. /
LReconstruction 1S the MSE(%, £z ) and LContextual deter’
mines whether x’ is realistic.

LReconstruction +

Reconstructed variant of the input is,

X'=(Xo61-B))+(BoG()) (1)

A generalizable saliency-map based interpretation of model
outcome
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Results

IOU (Intersection Over Union) Score: Amount of overlap between saliency region and the annotated box

Bounded Box IOU Score=0.7101 Bounded Box IOU Score=0.4471

True Annotation Relevant Mask True Annotation Relevant Mask

Bounded Box IOU Score=0.4303

Relevant Mask

True Annotation

Cucumber Horse-Cart

Orange

Insertion/Deletion Metric: This metric captures the sensitivity of the model to the insertion of the pixels
from the relevant region of the input using an average AUC (Area Under the Curve) score.

LIME: 77.64/66.34 GCAM: 81.48/7.67 RISE: 82.17/6.65 Ours: 83.57/6.78

Flamingo: 99.94%

LIME: 80.09/33.03

RISE: 94.44/32.65
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First figure, Saliency map generated for the target-specific image classification using our approach, RISE [1], GCAM [2], and
LIME [3] and the AUC scores (%) of insertion/deletion metrics [1]. Second figure shows the convergence of the AUC score of
insertion/deletion for the saliency map of an input image using our approach and RISE [1] over the iterations.

Acceptable variations (X’)
Class: Lynx, Accuracy: 89%, Std Deviation: 0.2%
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Figure (bottom left) shows the number
and accuracy of correct classifications
using the reconstructed images over
different sizes of bounding boxes (B).
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Figure (bottom right) shows the
reconstruction loss over the different
sizes of bounding boxes (B).
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