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LRP Revisited

Idea: Decompose function

Explain prediction et
(how much each pixel contributes to prediction)

heatmap

nalpha -beta LRP rule (Bach et al. 2015)

I l Ti-Wij (zi-w;j (I+1
Theoretical Interpretation IRE = 2. (o z,.(,(;p,.,-iu)i,,.)* +0- ICIE u)l,l) ) R; )
(Deep) Taylor decomposition. i "

'where a + 3 =1

\
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LRP Works for Different Data

General Images (Bach’ 15, Lapuschkin’16) _
Text Analysis (Arras’16 &17)

i Speech (Becker’18) do n't [ESEE your foney
,?- B _ 7 L e bbbl s L 7 Morphing (Seibold’18)

Games (Lapuschkin’19) VQA (Samek’19) Video (Anders’18)
. O@20 &0 WEENREREEE .o onetauic cube ; are : ' :
there BAY large Gyan metallic
objects HENENE it 2

Faces (Lapuschkin’17) [

Digits (Bach’ 15) I
Image Class'3' Class '’ Hlstopathology (Blnder18)
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LRP Works for Different Models

Convolutional NNs (Bach’15, Arras’17 ...) Local Renormalization
feature maps pooled feature maps feme;ﬂ” " O '

feature maps r—r _"“\
plylx)
|_ r

QOO 00 O

Input Convolutional Pooling 1 Convolutional  pogling2
layer 2

layer 1

Bag-of-words / Fisher Vector models
(Bach’15, Arras’16, Lapuschkin’17, Binder’18)

=% o One-class SVM (Kauffmann’18) Clustering (Kauffmann’19)
GO o3
¢ ¢ ¢ o IQ—Z] «—— Type | outlier
Wik & ~@ xw BTG L ©7]
e B LYY %0529 1 £%)
¢ ¢ v "12'0 TB :'D ' Inlier - ¢ L
Lo L, % _
JIh @™ i e & TLew loﬂa : 0 , , /‘ competlt:;i
Lg . g Type Il outlier
=0
=
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Other Explanation Methods

Gradients Sensitivity Gradient vs. Decomposition
(Baehrens et al. 2010) (Montavon et al_, 2018)
Sensitivity
(Morch et al., 1995) Sensitivity
(Simonyan et al. 2014)

Gradient times input DeepLIFT Grad-CAM Integrated Gradient
(Shrikumar et al_, 2016) (Shrikumar et al_, 2016) (Selvaraju et al_, 2016) (Sundararajan et al_, 2017)

Decomposition

LRP for LSTM

1 DD (A comn nb Al ANAT

uestion: Which one to choose 7

wpunnzauwvil LIME Meaningrul Perturbations PatternLRP
(Ribeiro et al_, 2016) (Fong & Vedaldi 2017) (Kindermans et al., 2017)

Deconvolution

Deconvolution Guided Backprop
(Zeiler & Fergus 2014) (Springenberg et al. 2015)

Understanding the Model

Deep Visualization

(Yosinski et al., 2015) ) Synthesis of preferred inputs
Inverting CNNs (Nguyen et al. 2016)
Feature visualization (Dosovitskiy & Brox, 2015)
( . .
{EXI SO 2008) Inverting CNNs RNN cell state analysis N(ezt:;l:zto:sz?:;?n
(Mahendran & Vedaldi, 2015) (Karpathy et al., 2015)

=
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How to Evaluate Quality of Explanations ?

Input

explanation

R

ground
truth

R*

\

Heinrich Hertz Institute

27?7

7 Fraunhofer ﬂﬁ

evidence for
f(X) “truck”

error

IR — R*|*

e
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Compare Explanation Methods

Sensitivity Deconvolution

o Algorithm (“‘Pixel Flipping”’)
|Idea: Compare selectivity (Bach’15, Samek’17):

) ] Sort pixels / patches by relevance
“If input features are deemed relevant, removing them

Iterate
should reduce evidence at the output of the network.” destroy pixel / patch

evaluate f(x)

Measure decrease of f(x)

Important: Remove information in a non-specific manner (e.g. sample from uniform distribution)

\
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LRP

Compare Explanation Methods
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LRP

Compare Explanation Methods
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LRP

Compare Explanation Methods
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Compare Explanation Methods

LRP

AOC=0.722

SSe|d 1094400 J0J) =2103S

0 10 20 30 40 50 60 70 80 90 100
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Compare Explanation Methods

Sensitivity
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Compare Explanation Methods

Sensitivity

EEEDESE

~ AOC=0.691

SSe|D 1094403 10} 2100S
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# pixel flips
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Compare Explanation Methods

Random

score for correct class

|
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Compare Explanation Methods

LRP: 0.722
Sensitivity:  0.691
Random: 0.523

LRP produces quantitatively better heatmaps
than sensitivity analysis and random.

What about more complex datasets ?

SUN397 ILSVR02012 MIT Places
397 scene categories 1000 categories 205 scene categories
(108,754 images in total) (1.2 million training images) (2.5 millions of images)

==
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Compare Explanation Methods

Red: LRP method
Blue: Deconvolution method (Zeiler & Fergus, 2014)
Green: Sensitivity method (Simonyan et al., 2014)

SUN397 ILSVRC2012
LRP_ 00
LRP .,
100 LRR-10x o001
LRP -

§ 80 LRR. 01 3
2 ©
g £
: % s Deconv. [,
: 2 Deconv. />,
2 40 Deconv. £, 2 ‘
g = Sensitivity/ ;
S s B Sersoy .

20
g Q
o o
< 0 Random <

- Sensitivity /;

20 PR S SR SR SR SR SR S T S:::(:«;l . Random

0 20 40 60 80 100 0O 20 40 60 80 100

perturbation steps perturbation steps

LRP produces better heatmaps

=
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- ImageNet: Caffe reference model

- Places & SUN: Classifier from MIT

- AOPC averages over 5040 images

- perturb 9 x 9 nonoverlapping regions
- 100 steps (15.7% of the image)

- uniform sampling in pixel space

MIT Places
100}
E) | LRF 100
c LRP_, o1
© 80} R-00
e | LRP
o
2 60|
©
E’ »
g 40| Deconv. £,
< Deconv. /
20t
Random
Sensitivity/
O S eccnnnnesais ~//-Sensitivity [ .

0 20 40 60 80 100
perturbation steps

(Samek et al. 2017)
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Axiomatic Approach to Interpretability

|dea: Evaluate the explanation technique axiomatically, 1.e. it
must pass a number of predefined “unit tests”.

[Sun’1l, Bach'15, Montavon’17, Samek’17,
Sundarajan’l7, Kindermans’17, Montavon’18].

explanation technique

"] .

)/

I:IEIlDﬂKl
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Axiomatic Approach to Interpretability

Properties 1-2: Conservation and Positivity

[Montavon’17, see also Sun’ll, Landecker’13, Bach15]

explanation
E : f(x) = fop(x) + €
Ri, ..., Ry
Conservation: Total attribution on the input d
features should be proportional to the amount szl Rp = Texp (X)

of (explainable) evidence at the output.

Positivity: If the neural network is certain
about its prediction, input features are either \v’d_ : Rp > ()
relevant (positive) or irrelevant (zero). P= _

\

7 Fraunhofer ﬂﬁ
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Axiomatic Approach to Interpretability

PrOPerty 3: ContinUity [Montavon’18]

If two inputs are the almost the same, and the prediction is also

almost the same, then the explanation should also be almost the
same.

Example:
f(x) = max(xy, x2) Method 1 Method 2

c{iscontinuity at x1 = %
1

Z Fraunhofer ﬂﬁ

Heinrich Hertz Institute
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Axiomatic Approach to Interpretability

Property 4: Selectivity Bachis, samek1]

Model must agree with the explanation: If input features are
attributed relevance, removing them should reduce evidence at

the output.
explanation input
scores

LRP-a B, ‘

R

Sensitivity analysis

Z Fraunhofer ﬂﬁ
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Axiomatic Approach to Interpretability

« N
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Explanation techniques SOECHEC RO N AN

Lk &

Properties

1. Conservation v v
2. Positivity v v v v
3. Continuity v v
4. Selectivity v v v

\
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Evaluating with Ground Truth

|dea: Use toy model for evaluating explanations. [Arras’19]

“Explanations should only highlight the parts in the input
which are actually important (by design).”

1. LSTM is trained to add and 0 0 0
subtract numbers from first row. (
2. Measure correlation with
relevance values

ng 0 0 0 mny
nt ... a—1 0 Ngg1 ... np—1 0 np4q ...

0 O

nT

pP(Regma) /)(Rmb,n;,) p(Rzy Na) p(Ray , np)
(in %) (in %) (in %) (in %)
Toy Task Addition Toy Task Subtraction
Occlusion 99.990 (0.004) 99.990 (0.004)  Occlusion 99.0 (2.0) -69.0 (19.1)
LRP-half [ACL best paper] 29.035 (9.478) 51.460 (19.939) LRP-half [ACL best paper] 7.7 (15.3) -28.9 (6.4)
| LRP-all [ours] 99.995 (0.002) 99.995 (0.002) LRP-all [ours] 98.5 (3.5) -99.3 (1.3) |
CD [ICLR oral] 99.997 (0.002) 99.997 (0.002) CD [ICLR oral] -25.9(39.1) -50.0 (29.2)

\
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Summary Evaluation

LRP heatmaps are informative, truthworthy and fulfil
important axioms.

Furthermore, LRP produces gualitative and quantitatively better
explanations than sensitivity analysis, deconvolution, context
decomposition, gradient times input, occlusion and ...

Let’s now see some applications!

Z Fraunhofer  QF E\BG 2019 Tutorial — W, Samek, G. Montavon & K.-R. Miiller
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Application of LRP
Compare models



Application: Compare Classifiers

word2vec/CNN:

Performance: 80.19%

Strategy to solve the problem:
identify semantically meaningful
words related to the topic.

BoW/SVM:
Performance: 80.10%

Strategy to solve the problem:
identify statistical patterns,

i.e., use word statistics

sci.med (4.1)

(-0.6)

sci.med

Yes, weightlessness does feel like falling. It may feel strange at first,
but the body does adjust. The feeling is not too different from that
of sky diving.

>And what is the motion sickness
>that some astronauts occasionally experience?

It is the body's reaction to a strange environment. It appears to be induced
partly to physical [lSSONEGOME and part to mental distress. Some people are
more prone to it than others, like some people are more prone to get sick

on a roller coaster than others. The mental part is usually induced by

a lack of clear indication of which way is up or down, ie: the Shuttle is
normally oriented with its cargo bay pointed towards Earth, so the Earth

(or ground) is "above" the head of the astronauts. About 50% of the astronauts
experience some form of motion Sickness, and NASA has done numerous tests in
space to try to see how to keep the number of occurances down.

Yes, weightlessness does feel like falling. It may feel strange at first,
but P8y does adjust. feeling @8 not too different from that
B sky diving.

>And what i$ motion sickness
>that someé astronauts occasionally experience?

It is body's to a strange environment. It appears to he HRdUCEd
partly to physical and to mental distress. Somé people are
more prone to it than others, like people are more prone to get sick

on a roller coaster fFide than others. mental is usually
a lack @i clear indication @ which way up or , ie: iy Shuttle
normally oriented with 1ts cargo bay pointed towards [l so
(or ground) is "above" head @ @if§ astronauts. About 50% astronauts
experience Somé form [ motlon 51ckness, and NASA has done numerous tests in
BPEEE to try to see how to keep [ number B occurances GOWH .

by

(Arras et al. 2016 & 2017)

=
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Application: Compare Classifiers

word2vec / CNN model BoW/SVM model

sci.med sci.med

symptoms (7.3), treatments (6.6), med-

ication (6.4), osteopathy (6.3), ulcers cancer (1.4), photography (1.0), doctor

(6.2), sciatica (6.0), hypertension (6.0), (1.0), @ (0.9), dlseellse (_0'9)’ medical
herb (5.6), doctor (5.4), physician (5.1), (0.8), sleep (0.8), radiologist (0.7), eye
Therapy (5.1), antibiotics (5.1), Asthma (0.7), treatment (0.7), prozac (0.7), vi-
(5.0), renal (5.0), medicines (4.9), caf- tamin (0.7), epilepsy (0.7), health (0.6),
feine (4.9), infection (4.9), gastrointesti- yeast (0.6), skin (0.6), pain (0.5), liver
nal (4.8), therapy (4.8), homeopathic (0.5), physician (0.5),[she|(0.5), needles
(4.7), medicine (4.7), allergic (4.7), (0.5),|dn |(0.5), circumcision (0.5), syn-
dosages (4.7), esophagitis (4.7), inflam- drome (0.5), migraine (0.5), antibiotic
mation (4.6), arrhythmias (4.6), cancer (0_5), water (0_5)’ blood (0_5), fat (0_4),
(4.6), disease (4.6), migraine (4.6), pa- weight (0.4).

tients (4.5).

Words with maximum relevance
(Arras et al. 2016 & 2017)

Z Fraunhofer ﬂﬁ

Heinrich Hertz Institute

EMBC 2019 Tutorial — W. Samek, G. Montavon & K.-R. Miller 29



Application of LRP
Quantify Context Use



Application: Measure Context Use

how important how important
is context ? is context ?

classifier

importance _ relevance outside bbox

of context

relevance inside bbox

=
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Application: Measure Context Use

- BVLC reference model + fine tuning

- PASCAL VOC 2007
1-2 ] I 1 ) ] ] ] ] ] ]
. chair sofa
“l'airplane
0.8} v 7
boat
0.6
0.41
0.4} M
0.28
0.23
0.09
0.0 = T C o N & < x C L S s

Z Fraunhofer

Heinrich Hertz Institute

L]

(Lapuschkin et al., 2016)
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Application: Measure Context Use

©
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O
=
©
O
&)
—
>
m

D 2.0¢
- 3 1.83
Z +—
9 >< 1.5}
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O (-
(D (@) 1.0F

@)

0.5 0
0p)
Z
QZ) 0.0 bvlc b\{lc bvlc
) bot mid top
< BVLC CaffeNet
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Context use anti-correlated
with performance.

0.52 .48 0.44

_ 47 _
I 0.42 I l . 0.‘4 0.-33 0.27

vgg
bot

- Differen models (BVLC CaffeNet,
GoogleNet, VGG CNN S)
- ILSVCR 2012

vgg vgg ggm ggm  ggm
mid top bot mid top
GoogleNet VGG CNN S

(Lapuschkin et al. 2016)
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Application of LRP
Detect Biases



Application: Face analysis

Gender classification

with
pretraining

without
pretraining

Strategy to solve the problem: Focus on chin / beard, eyes & hear,
but without pretraining the model overfits

(Lapuschkin et al., 2017)

\

7 Fraunhofer ﬂE EMBC 2019 Tutorial — W. Samek, G. Montavon & K.-R. Miller 35

Heinrich Hertz Institute



Application: Face analysis

Age classification
e

Predictions
25-32 years old

Strategy to solve the problem:
Focus on the laughing ...

60+ years old laughing speaks against 60+
(i.e., model learned that old

pretraining on people do not laugh)
ImageNet

pretraining on
IMDB-WIKI

(Lapuschkin et al., 2017)
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Application of LRP
Relevance-Based Filtering



Application: Learn new Representations

some astronauts occasionally ---

N N N~
/ word2vec { word2vec / word2vec

relevance 1 relevance 1 relevance X
RN ATRYA
”.2 = R, a_2 + Ry :2 + R, 6:2
oo/ \as/ \b/ \ea/

document
vector

(Arras et al. 2016 & 2017)

\
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Application: Learn new Representations

2D PCA projection of uniform TFIDF
document vectors el

x comp
«*s [EeC

+ sci
forsale
- politics
~ . religion

Document vector
computation is unsupervised
(given we have a classifier).

(Arras et al. 2016 & 2017)

=
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Application of LRP
Understand Model



Application: Gait Analysis

I: Record gait data measured gait features ll: Predict with DNN

T T T — -
303 flohtankle o rightknee oo righthip oo

T
= R O

"Subject 6"

.
- o

right vert T leftforeaft ' leftmedlat . eft vert

- T
right fore-aft ;. right med-lat 303 404 505 606

T
202

gait feature relevance

lli: Explain
using LRP

LBJAX
Relevance

% § MWWMWW\- Colour Spectrum for Relevance Visualisation
Time EO right fore-aft 161 right med-lat 2(;2 right vert 3(')3 left fore-aft 4(']4 left med-lat 5(')5 leftvert o R<«0 R=0 R>0
Our approach:
- Classify & explain individual gait
patterns
- Important for understanding y
diseases such as Parkinson
. & 7
£ (Horst et al. 2019)

=
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Application: Gait Analysis

Ground Joint Angles Joint Angles Joint Angles
Reaction Joint Angles | Full-Body Lower-Body | Lower-Body
Model Forces [%)] Full-Body [%] | (flex.-ext.) [%] | [%] (flex.-ext.) [%]
CNN-A 99.1 (0.8) 100.0 (0.0) 95.6(1.7) 99.9 (0.3) 92.0(3.9)
Ground Reaction Force - CNN-A:
Relevance of Input Per Subject
Lower-Body Joint Angles (flexion-extension) - CNN-A:
Relevance of Input Per Subject
é‘ M\/\/_ Insights for subject 6

- extension of the ankle during the terminal
stance phase

- flexion of the knee and hip during the initial
contact of the right leg

Subj. 32
Og

\
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Application: Understand the model

- 3-dimensional CNN (C3D)

- trained on Sports-1M

- explain predictions for 1000
videos from the test set

frame1l framed4 frame7 frame 10 frame 13 frame 16

™

\
\

(Anders et al., 2018)
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Application: Understand the model

Mean Quad. Regression Lin. Regression

0.14 , . .
0.12} y
0.10}
0.08
0.06} —=
0.04| ——— d
0.02} |
0.00. ' ' '

Relevance

Frame

Observation: Explanations focus on the bordering
of the video, as if it wants to watch more of it.

\
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Application: Understand the model

—e— Deep Taylor e Sensitivity
0.0625
0.0025 - 0,125
.......................... 025
m 0.0020 - 05
@] - A‘::-
2 0.0015 0.0625 3216 ! .,.42
0.12 PR 8
0.25 0
0.0010 A ' 1 2
16 4
32 8

0.450 0.475 0.500 0.525 0.550 0.575 0.600
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Idea: Play video in fast forward (without retraining) and
then the classification accuracy improves.

\
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Application: Understand the model

Question

LRP

Z Fraunhofer

there is a metallic cube ; are
there any large cyan metallic

objects behind it ?

there is a metallic cube ; are

there any large cyan metallic

objects ENENE it ?

model understands the question and correctly identifies

the object of interest

Heinrich Hertz Institute . IE

Question Type

- reimplement model of (Santoro et al.,
2017)

- test accuracy of 91,0%

- CLEVR dataset

LRP
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what
how
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(in prep)
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Application: Understand the model

Sensitivity Analysis LRP

21 =2 | IETEEEE @ 0=1 &= 0

R |
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: 0
-
= = L

does not focus on where LRP shows that that
the ball is, but on where model tracks the ball
the ball could be in the

next frame (Lapuschkin et al., 2019)
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Application: Understand the model

After 0 epochs After 25 epochs

m=1 = 1 [ EETEEEE @=0 =2 0

C
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After 195 epochs
o0 &9 0

o211 = 1
e
¢
= L (Lapuschkin et al., 2019)
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Application: Understand the model

16

Relevance Distribution during Training

14
12
10

I

o N B OO

b Paddle
¢ Tunnel

training epoch

epoch 0 epoch 6 epoch 50 epoch 100
O3 2 0| | O30 & 0 | @37 2 0] | @37 2 0
m: ‘ﬁ SdEd —d CaEd 4

" " . )
= = = I = = = = g [ =

model learns

1. track the ball

2. focus on paddle

3. focus on the tunnel

\

~ Fraunhofer
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(Lapuschkin et al., 2019)
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Application: Understand the model

SEE=SS=ES 2
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(Lapuschkin et al., 2019)
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More information

Visit:

http://www.heatmapping.org

» Tutorials

i I HE 7S

» Online Demos

Tutorial Paper

Montavon et al., “Methods for interpreting and understanding deep neural networks”,
Digital Signal Processing, 73:1-5, 2018

Keras Explanation Toolbox
https://github.com/albermax/innvestigate

~ Fraunhofer ﬂﬁ

Heinrich Hertz Institute
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https://github.com/albermax/innvestigate
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