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Record Performances with ML

Deep Net outperforms
humans in image
classification

IMJAGE

AlphaGo beats Go
human champ

Visual Reasoning

Research projects

Networks (smart grids, etc.)
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Safety critical applications

What size is the cylinder
that is left of the brown
metal thing that is left
of the big sphere?
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Need for Interpretability

> Rooster
prediction f(x)
verify understand
system legal weaknesses
aspects learn new
Strategies
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Need for Interpretability -

“‘Why is a given image classified as a sheep?”

. . non-sheep

heatmap = LRP(x, f) m==)
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Naive Approach: Sensitivity Analysis

Sensitivity analysis:

"*.,J - *.'| Problem: sensitivity
‘ 7 _ | analysis does not
= ..=* | highlight cars
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Naive Approach: Sensitivity Analysis

Input gradient (on which sensitivity analysis is based), becomes
increasingly highly varying and unreliable with neural network depth

Structure's view

layers layers
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Function's view (cartoon)

layers

input
input
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shallow

> deep
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Better Approach: LRP

_ — 2 R = ()
Explain prediction @  --------mmsmsmmmmmmm-o-oo-ooo-
(how much each pixel contributes to prediction)

heatmap

Layer-wise Relevance Propagation (LRP)
(Bach et al., PLOS ONE, 2015)

|
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Better Approach: LRP

Classification >




Better Approach: LRP -

Classification >

cat

rooster

dog
Initialization

O-@

RV f(x)

Idea: Redistribute the evidence for class
What makes this image a “rooster image” ? rooster back to image space.
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Better Approach: LRP

Explanation <

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

r
1
|

Theoretical interpretation V() (z:-wi;)* (ziwij)~ (141)
Deep Taylor Decomposition : Ri" =2 ST B st Wi )" VB ;
(Montavon et al., 2017) ' where a + 8 = 1 :
not based on gradient ! e R EEEEY
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Explanation >

oIo*o
=
ole
(H
e
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Layer-wise relevance conservation

SiRi=... =R =Y, RV = = f(a)

[
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Better Approach: LRP -

Heatmap of prediction “3” Heatmap of prediction “9”

[3] (9]
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Better Approach: LRP

Sensitivity Analysis LRP / Deep Taylor
2 ;‘;. '.. " . b o
- . 2 . '(2;:
. N it R o N ;‘.. . - - B
L P ‘.‘L‘ e
"o 300 "
. N L ..‘J’_,' ‘

Explains what influences  Explains prediction
prediction “cars”. “cars” as is.

Slope decomposition Value decomposition

‘R = 2 R = f(x More information
2.iRi = [Vl 2.iRi = f(x) (Montavon et al., 2017 & 2018)

\
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Decomposing the Correct Quantity

slope decomposition value decomposition
DR =(Vufll® = >_iRi = f(x)

Candidate: Taylor decomposition

_ fx Ol (v_% T
f(x) = f(:)+l§:: x e {x, x,z+ 0():( )

Ri

» Achievable for linear models and
deep RelU networks without
biases, by choosing:

XxX=Ilme-x=0.
e—0
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Why Simple Taylor doesn’t work?

Two Reasons:

or too far = includes too
much information (incl.
negative evidence)

1 Root point is hard to find

problem — gradient of
deep nets has low
Informative value > X

2 Gradient shattering ”
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Deep Taylor Decomposition

Idea: Since neural network is s Sl
composed of simple e T 0
functions, we propose a

deep Taylor decomposition. \ fix) = + !

1. decompose
decision function
2. explain

Each explanation step: bfunct;
subfunctions

- easy to find good root point

- no gradient shattering )

<< |
3. aggregate
explanations
(Montavon et al., 2017
Montavon et al. 2018)
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Output relevance

f(x) = Rj = a1 ,
Rj = aj*const
Ri = ai*const N
/ Taylor decomposition
R(“J)—R(@')+§:aa<), %= ) te
compute Ri Ric;
Ri=>; Ricj
\ redistribute to lower layer i
(aj — 3:("))Wu
E (3, - 3, )WU
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7 Fraunhofer

how to choose the root point 3,1) ?

(ai — 5IU))WU

i—j — —(; J
Siai — &)y
Input domain Rule
ReLU activations o Z ;Wi
(a’j Z O) T k Z

Pixel intensities

(:L‘z' S [li,hi], R; = Z

[ <0< hz) j Zz LiWi5 — Liw.”

Real values
(zi € R)
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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
(Arras et al, 2017)

| LRP |

(Bachetal 2015\ ~—  Sha_. Probabilistic Diff

Question: Which one to choose 7

(Ribeiro et al., 2016) (Fong & Vedalai 201/)  (Kindermans et al., 2017)

Deconvolution

Deconvolution Guided Backprop
(Zeller & 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)
(Ehan et al. 2000) Inverting CNNs RNN cell state analysis e

(Mahendran & Vedaldi, 2015) (Karpathy et al_, 2015) Ll

\
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Axiomatic Approach to Interpretability

Properties 1-2: Conservation and Positivity
[Montavon’17, see also Sun’ll, Landecker’13, Bach'15]

explanation
E : f(x) = fexp(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 Vd_l : Rp > (0
relevant (positive) or irrelevant (zero). P= -
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Axiomatic Approach to Interpretability

PrOPerty 3: Contir\Uity [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(xqy, x2) Method 1 Method 2

qiscontinuity at X1 = xo
1

\
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Axiomatic Approach to Interpretability

Property 4: Selectivity Bachis, samek17]

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

the output. .
explanation iInput
scores

LRP-a. B, '_

Sensitivity analysis

\
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Axiomatic Approach to Interpretability

Explanation techniques NG

Y
5 L
&
=
L 4
'i‘
"

Properties

1. Conservation v | | v
2. Positivity v v v 4 v
3. Continuity v / “ v
4. Selectivity v | v v

\
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LRP revisited

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

Speech (Becker’18) do n't [ESEE your money

} @ Aaan
’ o _ - - -
0.0 [35] X (X5 10

Y T | P Morphing (Seibold’18)

290N

Gait Patterns (Horst’19)

Games (Lapuschkin’1 9) VQA (Arras’18) Video (Anders’18)

Ol U = U O = there is a metallic cube ; are

there @AY large Eyan metallic

objects SN it ?

EedbBoT—d Y

Faces (Lapuschkin’17)

' Digits (Bach’ 15) T
, Image Class'3' Class'9' Hlstopathqlogy (Blnder18)
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LRP applied to different Models

Convolutional NNs (Bach’15, Arras’17 ...) Local Renormalization LSTM (Arras’17, Thomas’18)
o y . Layers (Binder’ 16)
feature maps fe:t?rl::laps feature maps  feature maps

O

r O

O

@)

O

@)

Outputs
Input Convolutional Pooling 1 Convolutional  pooling2 .
layer 1 layer 2

Bag-of-words / Fisher Vector models

(Bach’15, Arras’16, Lapuschkin’17, Binder’18)
One-class SVM (Kauffmann’18)

: T 03]
< é@ e lﬁ] «—— Type | outlier
2Q_n ©7]
] ] lo*_‘aﬁ;Lo_L o
= - 043 i o .
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Application: Compare Classifiers

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?

word2vec/CNN:
Performance: 80.19%

It is the body's reaction to a strange environment. It appears to be induced
partly to physical [lSGONBOME 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 Fidé 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 SicknessS, and NASA has done numerous tests in
space to try to see how to keep the number of occurances down.

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

sci.med (4.1)

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.

BoW/SVM:

Performance: 80.10%

>And what i8 motion sickness
>that Somé astronauts occasionally experience?

It 55 HX BoE s
partly to physical
more prone to it than others,
on a roller coaster Fide than others. mental is usually
a lack @l clear indication [l which way up or , ie: [@f§ Shuttle
normally oriented with its cargo bay pointed towards , SO
(or ground) i§ "above" head Bl astronauts. About 50% astronauts
experience Somé form motion sickness, and NASA has done numerous Eests in
to try to see how to keep number i occurances dGWH

(Arras et al. 2016 & 2017)

to a strange environment. It appears to be HidUcEd
and to mental distress. Somé people are
people are more prone to get sick

Strateqy to solve the problem:
identify statistical patterns,
i.e., use word statistics

by

sci.med (-0.6)

=
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Application: Compare Classifiers

Test error for various classes:

aeroplane bicycle bird boat bottle bus car
Fisher 79.08% 66.44% 45.90% 70.88% 27.64% 69.67% 80.96%
DeepNet 88.08% 79.69% 80.77% 77.20% 35.48% 72.71% 86.30%
cat chair cow diningtable dog horse motorbike

Fisher 59.92% 51.92% 47.60% 58.06% 42.28% ( 80.45% J 69.34%

DeepNet 81.10% 51.04% 61.10% 64.62% 76.17% 81.60% 79.33%
person pottedplant sheep sofa train tvmonitor mAP

Fisher 85.10% 28.62% 49.58% 49.31% 82.71% 54.33% 59.99%

DeepNet 92.43% 49.99% 74.04% 49.48% 87.07% 67.08% 72.12%

Image

C: - LotharLenz -
www.pferdefotoarchiv.de

same performance —> same strategy ? (Lapuschkin et al. 2016)

Z Fraunhofer
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Application: Compare Classifiers

‘horse’ images in PASCAL VOC 2007

) .
o S C: Lothar Le B == R
o www.pfer

C: Lothar Lenz
www.pferdefotoarchiv.de

AN

™

A\

C: Lothar Le - A\
www. pfcr?foloarc Biv.de

3

/- \

C: LothayL.q\f\; ‘! b

www.pferdefotoarchiv.de

—
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Application: Measure Context Use

&“F‘*M

cmFrmaﬂ‘rwc I
; gt

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

1-2 ] 1 Ll ]

"lairplane l

o8r boat 0.68
0.6}

0.4

0.2}

0.0

(Lapuschkin et al., 2016)
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BVLC CaffeNet

O 29
T 3
P -+
Q >< 1.5}
o)
o) iC
o -
10, o tof
@)
0.5
/p)]
P
Z 0.0
@)
Q)
Q)
>

7 Fraunhofer
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1.83 Context use anti-correlated
with performance.
i 0.47 0.520.48 9 44 |
S i o2 033 57
bvic bvlc bvic vag vag vag ggm ggm ggm
bot mid  top bot mid  top bot mid  top
BVLC CaffeNet GoogleNet VGG CNN S

(Lapuschkin et al. 2016)
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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)
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Application: Face analysis

Age classification
.

Predictions
25-32 years old

Strateqy 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: EEG Analysis

Brain-Computer
Interfacing How brain works subject-dependent

—> individual explanations

Movement . Movement
—)p P —> —>
Imagination reprocessing Decoding
T Feedback

(Sturm et al. 2016)
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With LRP we can analyze
what made a trial being
misclassified.

right hand decision left hand
boundary
correptly QC
classified g
Ll | | |
00.01 0.20 0.24 0.5 0.75
incorrectly
classified
(Sturm et al. 2016)
= hof . _
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Application: Sentiment analysis

How to handle multiplicative interactions ?

gate neuron indirectly affect relevance

distribution in forward pass
Negative sentiment

1. do n't iESEE your money .

2. [EiEREE fUARY nor SUSPERSERlM MO particularly well-drawn .
- - -- 3. it 's not [OEEEEEE , just FOFFEDNY MECIOERE .

4. . too slow , too boring , and occasionally EilfioyENg .

5. it 's [iEG#EREE as romantic i@ as thrilling as it should be .

Positive sentiment

e 19. a MBEEY entry into a very [EREFEIUES genre .
++ 20. it 's a goed film -- a classic , but odd , ERECFEEENENG and AUEHCHEEE .

-- 21. it never to EAGAGE us .

(Arras et al., 2017)

—
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Application: fMRI Analysis

B 1.0 1
o — DL
£ @ 0.8 4 == Searchlight
o)
S35
7} (1]
L 06 -
28 Lo__F [ -
2% 04
50
Y5
8 S 0.2
n o
0.0 T T T T 1
00 02 04 06 08 1.0
DL decoding

accuracy per subject

(Thomas et al. 2018)
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Application: Gait Analysis

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

1 =

Py \ =
231 -, fix)= ©
mc g )
—4= _ - A\ (8}
T - — T T - -1 ()]
o leftankle ;0. leftknee o lefthip o rightankle 0, rightknee oo righthip oo L 3
3
. ) . fx)= &

O c -

- T - T T T -1
0 right fore-aft 101 right med-lat 202 right vert 303 left fore-aft 404 left med-lat 505 left vert 606

gait feature relevance

g N A Nt PN Y

left ankle left knee T left hip

lll: Explain
using LRP

LBJAX
Relevance

right knee

T - T -
303 fightankle o, 505 fghthip oo

P AN et N e e A\

- - T
o rightforeaft oo right med-lat o

Colour Spectrum for Relevance Visualisation

F
Relevance

- T T R<0 R=0 R>0
rightvert g5 leftfore-aft o, leftmedlat oo leftvert o

Our approach:

- Classify & explain individual gait
patterns

- Important for understanding
diseases such as Parkinson

~ . (Horstetal. 2018)

\
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Application: Understand the model

Question LRP

there is a metallic cube ; are there is a metallic cube ; are

there any large cyan metallic there @ny large Cyan metallic

objects behind it ? objects FEHENE it ? Question Type

size
equal_size the
cylinder

number 2177
greater_than more 1656
than 1515

0 1000 2000 3000 4000

color 12819
query_color what 6837
is 5735
what 10823
count how 9310
many 5691
model understands the question and correctly identifies P e

the object of interest

(Arras et al., 2018)

\
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Application: Understand the model

frame 1 frame4 frame7 frame 10 frame 13 frame 16

W

A

(Anders et al., 2018)

|

—
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Application: Understand the model

=== Mean Quad. Regression Lin. Regression

0.14 . . ;
0.12 -
0.10
0.08
0.06
0.04
0.02 | -

0.00 . : :
1 4 8 12 16

Frame

Relevance

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 -
o
2
O -
2 0.0015 0.0625
0.12
0.0010 A

0.450 0.475 0.500 0.525 0.550 0.575 0.600
Accuracy in Top 5

Idea: Play video in fast forward (without retraining) and
then the classification accuracy improves.
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female speaker male speaker

kHz
kHz

0 0.5 1 0 0.5 1
seconds seconds

model classifies gender based on the fundamental frequency and
its immediate harmonics (see also Traunmiiller & Eriksson 1995)

(Becker et al., 2018)

=
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Application: Understand the model

=20 & [

] |
== 8I=TaT=] =[5
=

(Lapuschkin et al., in prep.)

~ Fraunhofer Wojciech Samek: Interpretable & Transparent Deep Learning 44

Heinrich Hertz Institute



Application: Understand the model

A nmEnEnEEn1 1 oooooo
| n% % u% L + + +

| 14 B

fh f

[ ]

|,
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Application: Understand the model

Relevance Distribution during Training
16

14+
12
10

b Paddle

o N B O ©

training epoch
epoch 0 epoch 6 epoch 50 epoch 100

| D3I @ 0| |__O37 B 0 | @37 @ 0 | | @37 ] 0
model learns

— 1. track the ball

3. focus on the tunnel

0

(Lapuschkin et al., in prep.)

|
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Thank you for your attention
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