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LRP Applied to Different Problems

General Images (Bach’ 15, Lapuschkin’16)

Text Analysis (Arras’16 &17)
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Faces (Lapuschkin’17)

Digits (Bach’ 15) | |
\mage Class'd Class 9’ Hlstopathology (Hagele'19)
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LRP Applied to Different Problems

Convolutional NNs (Bach’15, Arras’17 ...) LSTM (Arras’17, Arras’19)
Fully-connected 1 o
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BoW / Fisher Vector models
(Bach’15, Arras’16, Lapuschkin’16 ...)
One-class SVM (Kauffmann’18) Clustering (Kauffmann’19)
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Walk-Through Examples
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Validating a Face Classifier

Faces in the wild
(from Flickr)

#images: 26,580

Task: Predict gender &
age (range)

(0-2), (4-6), (8-13), (15-20), (25-32), (38-43), (48-53), (60+)
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Validating a Face Classifier

A C G \'% A C G \%

[i] 51480 52.1819 54.3 50, - [i] 88.1 874 879 -
[I‘] 51.9 s74 52.3 ss9 53.3 599 — [I'] 88.3 87.8 88.9 —_
[m] 53.6 ss4 54.3 597 56.2 %2 - [m] 89.0 88.8 89.7 -
[i,n] — 51684 56.2%09 53.6s52 [i,n] - 899 91.0 92.0
[r,n] — 52180 57405 - [r,n] - 90.6 91.6 -
[m,n] — 52883 5859026 56.5 %0 [m,n] - 90.6 91.7 92.6
[i,w] — - - 59.7 ¢a2 [i,w] - - - 90.5
[r,w] - - - - [r,w] - - - -
[m,w] - - - 62.8 9ss [m,w] - — - 922

A = AdienceNet [i] = in-place face alignment

C = CaffeNet [r] = rotation based alignment

G = GoogleNet [m] = mixing aligned images for training

V =VGG-16 [n] = initialization on Imagenet (Lapuschkin et al., 2017)

[w] = initialization on IMDB-WIKI

=Z Fraunhofer 1 Wojciech Samek, Grégoire Montavon A .
HHI ECML/PKDD 2020 Tutorial: Explainable Al for Deep Networks - Basics and Extensions



Validating a Face Classifier

(0-2) (25 - 32)
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Validating a Face Classifier

(0-2) (25 - 32)

“
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Choose the explanation
technique and its parameters
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Validating a Face Classifier

Principle: Explain each layer type (input, conv., fully
connected layer) with the optimal rule according to DTD.

Composite LRP
==l |sllgllgl 2=l (2=l [8]8]|8
399 Q& & w|lwv||lw wl|llv||w KIUSIE
Ol—oHor—oHOHO—®HOH®—®H®H®eHeHe®
21202 121218 (212118 (21218 ===
@D &S| & S|SB H S| S| H S| &[] & | -] | -
< LRP-y < LRP-¢ { LRP-0

(Montavon et al., 2019)
(Kohlbrenner et al., 2019)
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Validating a Face Classifier

Name |Formula Usage DTD
a T
LRP-0[7] |R; Z N 1 aj U’]k upper layers | v/
J
LRP-€¢[7] |R; Z " g(::];]w]k Ry, middle layers| v
aj(wijr +yw
LRP-v |R; Z s(wik 7 ] k) — R lower layers | v
Z()] a;j(wjr + /“’Jk)
(ajwir)™ (ajwjr)”
LRP-af3 7] |R; ( - >Rk lower layers X *
7 Z >0 lajwie)t T30 s(ajwik)~
1
flat [30] |R; = Z ﬁ}?k lower layers | X
k -72

. wi,; first layer

w?-rule (36| R; = YR, : v
[ ] - Zz “'12]‘ J (Rd)
riwij — liwg; — hiwg; first layer

B_ Rz _ J J )

z>-Tule (36) r > xiw;; l.,-wj; — hlu*i_j J (pixels) v

(* DTD interpretation only for the case a = 1,3 = 0.)
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Validating a Face Classifier
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Validating a Face Classifier

Input

Unmask Clever Hans
examples

ImageNet

IMDB-WIKI
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Validating a Face Classifier

accuracy  1-off

ImageNet pretrained 56.5 90.0
IMDB-WIKI pretrained 63.0 96.0
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Validating a Face Classifier

ImageN
IMDB-

Iteratively validate and
improve the model

| -off

90.0

96.0
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Understanding Learning Behaviour
@=0 & [

1
2l =2rE] |-
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Understanding Learning Behaviour

Relevance Distribution during Training

16
14r b Paddle
12+ ¢ Tunnel
10
T 8
6
4
2 model learns
0

1. track the ball

training epoch

epoch 0 epoch 6 epoch 50 epoch 100 2 . fOCUS On paddle

| 037 ® 0| | O30 @ 0| | O30 ® 0] [ OITV R 0

3. focus on the tunnel

. . . — 1/ \\ . Unmasking Clever Hans predictors and
1 i L nature | . .
i =y B - ) e . communicaTions | assessing what machines really learn

.................................................................................................................... (Lapuschkin et al., 2019)
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Understanding Learning Behaviour

Relevance Distribution during Training

16
14r b Paddle |
12+ ¢ Tunnel -
10t -
T 8t WA 4
6|
4_
2 Visualize learning Imodel learns
0 . 100 behaviour 1. track the ball
raining e
epoch 0 epoch 6 2. fOCUS On paddle
o 3. focus on the tunnel

5 . . — lé \./\ Unmasking Clever Hans predictors and
nature 1
: — - - = - = )

communications | assessing what machines really learn

.................................................................................................................... (Lapuschkin et al., 2019)
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Understanding Learning Behaviour

Relevance Distribution during Training
- NIPS

12 NIPS architecture Nature architecture

Cl (4x8x8)—(16),[4x4] | C1 (4x8x8)—(32), [4x4]
C2 (16x4x4)—(32),[2x2] | C2 (32x4x4)—(64), [2x2]
C3 (64x3x3)—(64), [1x1]
F1 (2592)—(256) F1 (3136)—(512)

F2 (256)—(4) F2 (512)—(4)

Nature a Ball b Paddle ¢ Tunnel

Small architecture

C1 (4x8x8)—(32), [4x4]
C2 (32x4x4)—(64), [2x 2]
C3 (64x3x3)—(64), [1x1]
F1 (3136)—(4)

o.,-zf — g O

0 50 100 150 200
training epoch
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Understanding Learning Behaviour
Relevance Distribution during Training
M=510" ] Varying size of replay memory:
Tt (state, action, reward, next state)

L 1

M =1-10% a Ball b Paddle ¢ Tunnel -

0 50 100 150 200

- Mo s (Lapuschkin et al., 2019)
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Understanding Learning Behaviour

Relevance Distribution during Training
M =5-10%

Varying size of replay memory:
(state, action, reward, next state)

Compare architectures
and meta-parameters

0 50 100 150 200

.................................................................................................................... (Lapuschkin et al., 2019)
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Meta-Explanations
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Meta-Explanations

SpRAYy’s idea: Explain whole dataset decisions of a ML model
by systematically analyzing distributions of LRP heatmaps.

Meta-Explanations
Copyright Tag DiversFeatures

o] >
N
.
e 9 v« B <
' ¥ ]
i

Box explain

F
‘

Copyright Tag

%

'i{‘u\é\/\ Unmasking Clever Hans predictors and
namre . .
communicaTions  assessing what machines really learn

" Hurdles
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Spectral Relevance Analysis (SpRAYy)

data with affinity structure eigenvalues A ® spectral embedding ¢p data with labels
- -
/_3“':'\‘ ™
° op® ® H A
oo | . " §
° ° .) ;
o o o
me
!
X N (b) wa ()

1 2 3456 7 8
Analyze the data, from the model’s point of view,
via attribution maps* and Spectral Clustering®®

ZZ Fraunhofer “E Wojciech Samek, Grégoire Montavon (Lapuschkin et a[_’ 2019)

HHI ECML/PKDD 2020 Tutorial: Explainable Al for Deep Networks - Basics and Extensions



Spectral Relevance Analysis (SpRAYy)
SpRAy for Fisher Vector and DNN classifiers on PASCAL VOC 2017.

Y

hor boa car mot bic bus cat aer per tra she cha tvm dog cow sof bir pot din bot

<
- 0.2
| | - 0.1
T T T T T T 00

per dog aer car bic hor cat tvm pot bus mot cow cha bir she boa tra bot sof din
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Spectral Relevance Analysis (SpRAYy)

copy border mirror crop sky blue colour random colour random noise

~ m © o~
< ~ 0 m
m ~N — M

Aeroplanes

DNN Heatmaps

1.80
0.76

Af(X)aeroplane

L] T L) T
mirror crop  sky blue random random
colour  colour noise
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Explanation beyond visualization
(Unhansing Datasets)

Anders et al. 2019
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Automating Clever Hans Detection

%
|
/—\ \&)
Distance
h Affinity Extending SpRAy from [4]
/ Structure e Further automating spurious cluster/class
R - discovery by analyzing ® with FDA’
FDAV\—/ Spectral e Visualizing the spectal embedding ®, instead of
l Analysis = affinity structure
7- ((I)al()) *
(A,2,yc)
w' Syw
J(w) = —
Embed for Visualization w Sww
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Automating Clever Hans Detection

4.77

128 1.141.131.13 1.12 1.06

0.44 0.44 0.43 0.43 0.43 0.42 0.41

Separability score 1

0 -
Q ¢ & R N & @ & N R &
T O & & T & NS
S N M
N I R~ &7 PSR
o 9 o Q 9

The solution of FDA can be understood as directions of maximal separability
between clusterings, and, when normalized and plugged into the original
objective, gives scores of separability.
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Automating Clever Hans Detection

Prediction: binder laptop laptop Prediction:  sliding_door  sliding_door  sliding_door
True Label Rank: 3 1 1 True Label Rank: 1 1 1

A

T=477: 1st T =0.41: last

Prediction: jigsaw_puzzle jigsaw_puzzle jigsaw_puzzle Prediction: tow_truck  garbage_truck garbage_truck
True Label Rank: 1 1 1 True Label Rank: 2 1 1

7 =0.83:52nd
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Unhansing

No Artifact Artifact CIArC CIArC Recovery
i {

s i i »> i

5% X X X

g

[a) |

o

[ =

(=)

Artifact Direction Artifact Direction Artifact Direction Artifact Direction
HK  Negatives > Positives
Neg. Artifact Pos. Compensation
[ , B |
0 5 10 15 20 25

Decision Boundary at Training Epoch
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Unhansing

1 epoch 5 epochs 10 epochs

unmodified fine-tuning

www.chinacarcom.cn
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Unhansing
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Unhansing

Acc. on Original Data

carton alibaba watermark 95 carton chinese characters waterm garbage truck china car watermagk
" baseline x baseline v baselne addition of artifact
5 5 V 8 candidates degrades the
05/ 3" oo A model performance, thus
'g . * '3 ’t’ % @ . . .
€ K £ :* z validating their Clever-
g & il "% ; Hans property.
Y, 15 y CIArC’ed models (blue)
Acc. on Original Data Acc. on Original Data Acc. on Original Data ShOW better performance
jigsaw puzzle cutting pattern 90, stole mannequin head stole rounded edges . . .
Jgo ;F:oisoned o 8085 L] poiso:ed > ® poisoned ’ 2 on the pOISOned Va|ldatI0n
% baseline 75 x baseline % baseline H H H
g 79 g : set, implying increased
8 65 ¥ S 3 .
3 53/ ' 3 F il robustness against Clever-
S 5 5 g & .
2 > g 3% z e Hans artifacts.
5 36 5 A 5 f
9] 25 J 8] *
< 20 2 * <2 .
15 x
<5 85/ * 80
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Explanation beyond visualization
(Explanation-Guided Training)

Sun et al. 2020



Explanation-Guided Training

Cross-domain few-shot classification task (CD-FSC)

crate cuirass lion vase

examples of
support images

o [
pred: dog % |

- l-.‘ : . A ave w3
e .1.‘& ﬂ .-
Q2

pred: lion
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Explanation-Guided Training

—
Lt i fo :

L feature : - n
~ ‘ . »  classifier H
processing " ) Y |
% erpAO fp ; plrp
a i ¢
Q - Explain UEE » Wiy = 1+ R(f,)

R(f , [ RP fp—lrp = Wirp ® fp
P (classifier)
L = Eﬁce(y,p) + /\Lce(yapl'r‘p)
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Explanation-Guided Training

S-way 1-shot Cars Places CUB Plantae
RN 29.40+0.33%  48.05+£0.46%  44.33+0.43%  34.57+0.38%
FT-RN 30.09£0.36%  48.12+0.45%  44.87+£0.44%  35.53+£0.39%
LRP-RN 30.00£0.32%  48.74+£0.45%  45.64+£0.42%  36.04+£0.38%
LFT-RN 30.2740.34%  48.074+0.46%  47.354+0.44%  35.54+0.38%
LFT-LRP-RN  30.68+0.34%  50.19+0.47%  47.78+0.43%  36.584-0.40%

Wojciech Samek, Grégoire Montavon
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Explanation beyond visualization
(XAl-Based Pruning)

Yeom et al. 2019
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XAl-Based Pruning

A. Forward Propagation B. Evaluation on relevance of C. lterative pruning of the irrelevant
with given image neurons/filters using LRP neurons/filters and fine-tuning

i == [ ————
. 1 Relevance conservation property :
! d 1
1
| C Ri=f(x) i
: ]

A
c
©
bt
" ©
n o
© Q
Q. 5]
e S
o )
g 2
i e
Q
[7]
o
v
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XAl-Based Pruning

VGG-16 0.0019 99.36 119.55 15.50

Weight 0.0050 97.90 47.47 7.02

Cats and Dogs Taylor expansion 0.0051 97.54 60 % 51.19 3.86
Gradient 0.0057 97.19 57.27 3.68

LRP 0.0044 98.24 43.75 6.49

VGG-16 0.0369 82.26 119.96 15.50

Weigh 0.0383 71.84 39.34 5.48

Oxford Flower 102 Taylor expansion 0.0327 72.11 70 % 41.37 2.38
Gradient 0.0354 70.53 42.68 2.45

LRP 0.0296 74.59 37.54 4.50

VCGG-16 0.0157 91.04 119.59 15.50

Weight 0.0183 93.36 74.55 11.70

Cifar 10 Taylor expansion 0.0176 93.29 30 % 97.30 8.14
Gradient 0.0180 93.05 97.33 8.24

LRP 0.0171 93.42 89.20 9.93

With fine-tuning

% Fraunhofer Wojciech Samek, Grégoire Montavon
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XAl-Based Pruning
A.

100 A
~N No fine-tuning
90 only 10 samples per class
_ (domain adaptation scenario)
X
> 80-
g
% 70
K
601 — LRP.
— Weight + /,-norm
- Gradient + /,-norm
= Taylor expansion + /,-norm
50

10 30 50 70 90
Pruning rate [%]
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XAl in the Sciences
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XAl in the Sciences

92x74x1

1 0 S et .‘L’ X " 40
C '.‘% g 46x37x16
e ¥l 23x19x16 § .
2ot b %, 12x10x32 :
e, e y  6x5x32 : ’
: A v

|:| 3x3 conv. (stride: 2)
[ ] 3x3conv. (stride: 1)
|:| bi-directional LSTM
[:l fully-connected

........ » forward pass
<4 |RP
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Our approach:

- Recurrent neural
networks (CNN + LSTM)
for whole-brain analysis

- LRP allows to interpret
the results

(Thomas et al. 2019)



XAl in the Sciences
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XAl in the Sciences

A B Place
1.00 1.00
e BOdy == Place
0.75 Face === ToOI 0.75
X =
% 0.50 s 0.50
0.25 0.25
0.00 0.00
0.72 3.6 1.2 10.8 144 18 21.6 0.72 3.6 7.2 10.8 14.4 18 21.6
Sampling time (s) Sampling time (s)
(o]
Meta-Analysis
A
\ |
"I
()]
o |
© J \ |
w
E

Place
=
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XAl in the Sciences

A H&E stains

Heatmap for class cancer

d
Y
3

Ny F7

PR

Cutaneous
malignant
melanoma

(SKCM)

Invasive
breast
cancer
(BRCA)

--------------------------------------------------------------------------------------------------------------------

Wojciech Samek, Grégoire Montavon
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Hagele et al., 2020



XAl in the Sciences

Tumour classification in various

Visual and quantitative

Deployment phase (e.g.

also precisely detectable

Feature visualisation entities (BRCA, SKCM & LUAD) Fig. 1 verification of learned features on | computer-aided diagnosis
cell level systems)
Deliberate manipulation for
. . Different class sampling ratios in . different application use cases
Class sampling ratio mini-batches Fig. 3 (contrary effects of recall and Deployment phase
precision)
Bias detectable on a single sample,
Dataset bias Label bias affecting entire datasets | Fig. 4 (top) | no additional held-out data Development phase
necessary
p s . . Bias detectable on a single sample,
“Class correlated” bias A.rtnﬁcnal corruption correlated Fig. 4 possible to detect very small Development phase
with one class label (middle)
artefacts
Bias detectable on few samples Development phase (i. e
S . Exclusion of a tissue type in the Fig. 4 of the missing tissue type, small eveop P "
ample bias C . : Lk iterative process to create
training data (here: necrosis) (bottom) regions of the missing tissue type

comprehensive dataset)
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XAl in the Sciences

Training H&E Test H&E Heatmap Heatmap without
image image the bias

i
‘6.

Label depends J
on marked cell™

Dataset £ determining the label solely from the
bias ¥ patch’s centre cell (yellow mark)
nihey .'
N
Class
correlated $2.003 small artificial corruption
bias
S tram_lng a classifier on a dat-aset
bias lacking examples of necrosis
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XAl in the Sciences

Probability map GradCAM
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Conclusion
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Conclusion

XXAI: Extending Explainable Al Beyond Deep Models and Classifiers

ICML 2020 Workshop

Explanations can be used beyond visualization purposed

Theoretical approaches to XAl exist (e.g. Deep Taylor, Shapley). That allows to
compute really meaningful explanations, also beyond deep neural networks.

Large interested of XAl in scientific communities
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Link to the book

https://www.springer.com/gp/ k/97 2

Organization of the book

Part | Towards Al Transparency

Part Il Methods for Interpreting Al Systems

Part 11l Explaining the Decisions of Al Systems
Part IV Evaluating Interpretability and Explanations
Part V Applications of Explainable Al

—> 22 Chapters
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