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Motivation: Explainable Al, What? Why?

What?

A way to understand our models?
e A process to uncover the
structure of data?
e An approach to improve models?

Why?

e Science vs Real Word.
Accountability & Responsibility.
e Right of an explanation
Lipton, 2016
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Motivation: Explainable Al, How?

input x

Explanations

Transparency

Is a model:
e Decomposable?
e Described in few words?
e Simplificable?

network
f
black box outputs y
- Interpretations
Post-Hoc

Can a model provide?
e Textual explanations?
e Visualizations?
e Explanations by Example?
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Preliminaries: Backpropagation
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Preliminaries: Gradient

Gradient Smooth Gradient Guided Gradient
Smilkov et al., 2017 Springenberg et al., 2014



Preliminaries: Class Activation Maps (CAM)
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Preliminaries: The many flavours of CAM

o

Selvaraju et al., 2017 (Chattopadhay et al., 2018) (Wang et al., 2020)

Grad-CAM Grad-CAM++ Score-CAM
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Gradient Denoising: Contributions and Inspiration

e Network responses to inputs can be observed with gradients.

e Guided gradients used to denoise standard gradient.

e Improval of post-hoc interpretations with a transparency inspired approach.

13



Gradient Denoising : Main algorithm

Algorithm 1: Interpretable gradient loss

Input: network f, parameters ¢
Input: input images X = {z;}1,
Input: target labels 7' = {¢;}7,
Output: loss L

input (x, t)

network

f

guided
backprop

d.L./0x

stop
gradient
classification standard Regularization
back
loss L. ackprop loss L,
N
N
total loss 14

L=L.+AL,




Gradient Denoising : Regularization

1

e L1Loss LMAE(575/):_H5_5,H1
m™m
1
» L2loss Luse(8,0") = —I6 — o'|3
m
(6,0")
e Cosine Similarity Lcos(9, 5 =
000 = TaILIeT
e Histogram Intersection Ly (5, 5’) = — Zi:o mln(|5i|’ |5Z|)

[10]]11]0"]]1
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Experiments: Set UP

Training Set UP
e CIFAR-100
e Models:
o ResNet-18
o MobileNet-V2
200 epochs
128 images per batch
SGD Optimization
Initial Lr: 10”7, reduced on epochs
60, 120 and 160.

(following
https://github.com/weiaicunzai/pytorch-cifar100)

Evaluation Set UP
Saliency map guided:

©)
©)

O

Generation of CAM activations
Evaluation via interpretable
recognition

Causality Evaluation.
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Experiments: Image Recognition

Table 1: Accuracy of standard vs. our training using
ResNet-18 and MobileNet-V2 on CIFAR-100. Using co-
sine error function for our training.

MODEL ERROR X AcCcC

Baseline - 73.42

RESNET-18
Ours 7.5 x 1073 72.86

Baseline — 59.43

MOBILENET-V2 _3
Ours 1x 10 62.36
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Experiments: Interpretable Image Recognition

Table 2: Interpretability metrics of standard vs. our training
using ResNet-18 and MobileNet-V2 on CIFAR-100. Using
cosine error function for our training.

RESNET-18 MOBILENET-V2
METHOD ERROR ADJ] AGT AIfT INST DEL| METHOD ERROR AD| AGtT AIt INST DEeL|
CHADCAM Baseline 30.16 15.23 29.99 5847 1747 CRAG-CAM Baseline 44.64 6.57 25.62 44.64 1434
Ours 28.09 16.19 31.53 58.76 17.57 Ours 40.89 7.31 27.08 45.57 15.20
Baseline 3140 14.17 2847 58.61 17.05 Baseline 45.98 6.12 24.10 44.72 14.76
G -CAM GRAD-CAM
RAD-C A Ours 29.78 15.07 29.60 5890 17.22 RA Sk Ours 40.76 6.85 2646 45.51 1492
i Baseli 40. : 28. : ;
T Baseline 26.49 18.62 33.84 5842 18.31 SEORECAM aseline 40.55 7.85 28.57 45.62 14.52
Ours 24.82 1949 3551 59.11 1834 Ours 36.34 9.09 30.50 46.35 14.72
Baseline 31.96 14.02 28.33 58.36 17.14 Baseline 45.15 6.38 2532 4462 15.03
3 ABLATION-CAM
ABLATION-CAM (5 " 1900 15.03 29.61 5870 17.37 Ours 4113 7.03 2610 4538 15.12
; Baseli 44 .65 ; 25.62 44. 15.
ARTORICAM Baseline 30.16 15.23 2998 5847 1747 ARTERC AN aseline 6.57 25.6 64 1527
Ours 28.09 1620 31.53 58.76 17.57 Ours 40.89 731 27.08 4557 1520
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Experiments: Qualitative Results

GrRAD-CAM GRAD-CAM++ SCORE-CAM ABLATION-CAM
BASELINE OURS BASELINE OURS BASELINE OURS BASELINE OURS

INPUT
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Lobster

Couch
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Experiments: Ablation Experiments

ResNet-18 and Grad-CAM attributions on CIFAR-100.

ERROR FUNCTION Acc ADJ] AG?T AIfT Inst DEL]
Baseline 7342 30.16 15.23 2999 5847 1747
Cosine 72.86 28.09 16.19 31.53 58.76 17.57
Histogram 73.88 30.39 14.78 2938 58.52 17.35
MAE 73.41 3033 15.06 29.61 58.13 17.95
MSE 73.86 29.64 15.19 30.11 59.05 18.02

Table 4: Effect of regularization coefficient \ (9) on our
approach, using ResNet-18 and Grad-CAM attributions on

Table 3: Effect of error function on our approach, using CIFAR-100. Using cosine error function for our training.

Acc ADJ AGT AlT INST DEL]
0 7342  30.16 1523 2999 5847 17.47
1x103 73.71  29.52 1517 30.03  59.23 17.45
2.5 x 1073 7299 3053 1582 3056  59.04 17.96
5x 1073 7246  30.10 16.06 30.67 5747 17.80
7.5 x 1073 7286 28.09 1620 3153 5876 17.57
1x 102 73.28 2897 15775 31.16 5899 17.50
1 %167 73.00 2893 16.13 3155  59.66 17.95
1 73.30 2844 16.02 3131 58.64 17.48
10 73.04 2928 1523 3047 58.74 17.47
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Experiments: Gradient Visualization




Thank you,
Any Questions?

Code will be available soon

Stay in contact!

https://ftorres11.qithub.io

felipe.torres@lis-lab.fr
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https://ftorres11.github.io
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Measuring Interpretability

c: 587 | hammer
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Measuring Interpretability

Algorithm 1: Insertion Algorithm
Input: black-box f, image x, saliency map s, number of pixels N removed per step.
Output: insertion score ins. n — 0
x" — Blur(x)

Pn— f(x)

while x # x' do
According to s, set the next n pixels in x' to corresponding pixels in x
n—n+l
Pr— f(x))

ins — AreaUnderCurve(pjvs.i/n,¥i =0,...n)

return ins
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Measuring Interpretability

Algorithm 2: Deletion Algorithm

Input: black-box f, image x, saliency map s, number of pixels N removed per step.
Output: deletion score del.
n—>o0
Prn — fx)
while x has non-zero pixels do
According to s, set the next n pixels in x to 0
n—n+l
Pn— f(x)
del — AreaUnderCurve(pjvs.i/n,Vi=0,...n)
return del
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