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Explaining Predictions

“why a given image is classified as
a pool table”

some pool table why it is classified
as a pool table
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Todayos Tal k

From individual explanations to
common prediction strategies
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Todayos Tal k

What can we do with it ?
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Todayos Tal k

Explaining more than classifiers
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Explanation Methods



Explanation Methods

Perturbation -Based Function -Based
Occlusion-Based (Zeiler & Fergus 14) Sensitivity Analysis (Simonyan et al. 14)
Meaningful Perturbations (Fong & Vedaldi 17) (Simple) Taylor Expansions
e Gradient x Input (Shrikumar et al. 16)

é
Surrogate - / Sampling -Based Structure -Based
LIME (Ribeiro et al. 16) LRP (Bach et al. 15)
SmoothGrad (Smilkov et al. 16) Deep Taylor Decomposition (Montavon et al. 17)
e Excitation Backprop (Zhang et al. 16)
é
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Approach 1: Perturbation

Idea: Assess features relevance by testing the model response to
their removal or perturbation.

castle

... Still a
castle

not a castle
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Approach 1: Perturbation

Idea: Assess features relevance by testing the model response to
their removal or perturbation.

castle
Disadvantages
- slow
_ - assumes locality
. stilla _ yerturbation may introduce
castle artefacts
d > unreliable
not a castle
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Idea: identify the contribution of input features as the first-

order terms of a Taylor expansion

)

Taylor Expansion

f(x) = f(X)+ 2L [VFE)] - (x — %) + O(xxT)

% A
Y
Ri
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Approach 2: (Simple) Taylor Expansions

Idea: identify the contribution of input features as the first-
order terms of a Taylor expansion
f(x) o

Py

Taylor Expansion
f(x) = F(X) + L VAE)] - (6 — %) + O(xxT)
S 4
Y
Ri

Advantages
- Can be applied to any (differentiable and mildly nonlinear) ML model.
Limitations

- Need to find a meaningful root point where to perform the expansion.
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Motivation

- Compute an explanation in a single pass without having to optimize or

search for a root point.

Gradient x Input

Vi: R, = [Vf(X)]i - Xi
R=Vf(x)®x

Observation: Complex analyses reduce to gradient x input for simple cases.
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Input Prediction Explanation
(class: baseball)
y Lo
-
-
:‘I-.u .I'.
X R=Vf(x)®x
Observation : Explanations are noise
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Approach 3: Gradient x Input

Two reasons why gradient-based explanation are noisy

1. Local vs. global variations

Global effects are not visible when

looking at the function f(x) locally.

2. Shattered gradients

Function local variations

grows exponentially with depth.
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Layer-wise Relevance Propagation

LRP’s idea: To robustly explain a model, leverage the neural

network structure of the decision function.

hard to
explain

f (ZE 1y L2 T 3) /
easy to
1. decompose | \¢

decision function

model is a composition
of neurons. This can be

. 2. explain
exploited to make subfunctions
explanation easier.

¥
ref <
¢ Svance 3. aggregate \Q
o of ;
éeﬁ " X explanations | <SS

(Bach et al., 2015
Montavon et al. 2017)

Z Fraunhofer Wojciech Samek: Meta-Explanations, Interpretable Clustering & Other Recent Developments 16

Heinrich Hertz Institute



Layer-wise Relevance Propagation

Idea: Decompose function

>R, = f(z)
Explain prediction ----mmmmmmmmmmmmmmmmmmmmmmees
(how much each pixel contributes to prediction)

heatmap

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

Classification >

cat

rooster

dog
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Layer-wise Relevance Propagation

Explanation <

O EE AR SN NN EE N L G AN G EL EE A AN D N GE S GE G AN A EE G G EE G G GE N G A G AN A E a

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

I
1
I

. . . I N =

Theoretical interpretation :REJ) =Y .(a- z.(,?n.lflif)., = +8 Z:-(;a(::'n TQL).,.)— )R;m)

Deep Taylor Decomposition ' ' A i Wt Wit
(Montavon et al., 2017) where a + [ =1
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Explanation <

Layer-wise relevance conservation

Zz‘Rz‘:---:zz‘Rz@ZZJ'RS'HI):---:f(CU)
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Equivalence

LRP-ar1 Bo DTD-z"

s

CW; )“L
R 4 (I+1)
Za w1

Wi; D)

- Z T 1Y

Layer-wise Relevance Propagation

Deep Taylor Decomposition

(Bacho1l5) ( Montavonol?7, ar X
\ /4
Marginal Winning Probability
Za;w;: if w;: >0
S Plailay)Pla;)  Plaglay) = § 29400 1 =5
gt 0 otherwise.
i 1
o _ — 1 , ~ o
Al activations non-negative / Z’uwij =0 azw”
Excitation Backprop
(Zhango61l6)
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f(®)= @)+ V@) - (2 — ) + O(zz ")

Idea: Use Taylor expansion to redistributed Limitations:

relevance from output to input - difficult to find good root point
- gradient shattering
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Ri(a) = Ri(a) + >_;[VR(a)]; - (a; — @;) + O(aa ')

Advantage:
- easy to find good root point
- no gradient shattering

Idea: Use Taylor expansion to redistributed
relevance from one layer to another
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Key Idea: Use a “relevance model” that is easy to analyze

Ry (a) = max(0, ) _; a; wjk) ck
(Montavon et al., 2017)
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Deep Taylor Decomposition

ax(a) c
1. Relevance model k
. X
) 2\ =
Rk (a) = max(0, Zj a; Wik ) Ck @A
Ry
2. Taylor expansion Ry,

N
& |

}Aik(a) = }A%k(&) + Zj Saj —ay) - Wik C]E-l- 0

N~

Rj<—k wjkck
3. Choosing the reference point
a® =a—t-a =) PZ('),GZ(t_l—l)'ak (LRP-€)
a® =a—t-a®ly.o > p=max(0,) (LRP-y)

(Montavon et al., 2017)
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Name |Formula Usage |DTD
LRP-0[7] Rjzz Zaﬂ:ﬁu " R upper layers | v
k 0,7 7172
a; Wik .
LRP-€[7] |R; = J R ddle 1 v
€[7] |R; Y, 0w k middle layers
a;(wir + yw?,
LRP-v |R;= (g gy — Rk lower layers | v
— > 0 @j(wik +ywjy
(ajwii) (ajwjx)”
LRP-af|7||R; = « Ry.| lower layers X *
B7] J ;( Eo,j(ajwjk)+ Zu,j(ﬂjwjk)_) k Y
1
flat [30] |R;= 5~ le lower layers | X
R
w?- first layer
w?-rule [36] R = = LR, (Rd)y v
j i ]
r;w;; l w hiw fir t 1
B R, — J R. st layer
zP-rule [36] Z T ~haw j (pixels) v
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(* DTD interpretation only for the case a« = 1,3 = 0.)
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Best Practice for LRP

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

Composite LRP

o [| NoJ I INoY | V) oo e ooy e D21 <

N EE R REEEEEEE R R R EEEEEE

Ol—oHoroHOHO®oHOHO®H®H®—oHale

L. e |l o el allanll o —l =l =

sl 1&I13] |3]13]|3] |3||3]|3] |3||3]| 8] ===

M~ r— —

LRP-y < LRP-¢ {  LRP-0
(Montavon et al., 2019)
(Kohlbrenner et al., 2019)
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Which one to choose ?
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Evaluating Explanations

Perturbation Analysis

[ Bacho1l5, Samekol7, Arrasol7, é]
Pointing Game

[ Zhango1l6]

Using Axioms
[ Montavono6l7, Sundararajanol?7, Lundb

Solve other Tasks

Task Specific Evaluation [ArrasolMediAna ®ha
[ Poerner 601 8]

Using Ground Truth Human Judgement
[ Arrasol9] [ Ri beirodl6, Ngu
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Applications of XAl



LRP Applied to Different Problems

15, Lapuschkindl6) _
Text Analysis (Ar|
Speech (Becker 618) don't-yourmoney

25§
[ I3 T 3 ]
L 03
078 10

Gener al | mages (Bacho

Morphing Attacks

time

there is a metallic cube ; are

there @Ry large Gyan metallic - .
Gait Patterns (H

objects M it 2

EEG (Sturmo6le -

f MRI' ( Thomas©od
( Hemgred e 61 9)
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Digits (Baché
Class'3' Class'9'

Faces

IBS
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LRP Applied to Different Models

Convolutional NNs (BacholbdSTM (&asd®hdo6d4)7, Arrasol
feature maps fe:t?::l::laps feature maps hnpmi!':i"s__——:é\l ’;’-.":m.\
plylx) )

AExpl ai ni ni
I nterpretin
(with S. Hochreiter)

Qutputs
Input Convolutional Pooling 1

Convolutional  pgoling2  *
layer 1 2

BoW / Fisher Vector models

(Baché1l5, Arrasod6l16, Lapuschkinb6él6e ¢

)
Onecl ass SVM (KaufCTmasnéitd3hg (Ka
s 2\ cluster K.

v I S, s,

- vy e, 7 S
5T o, [X® %5529 .
e 3 X de '_vig"_' ?‘.Tj:_ Inlier ¥4

I ¢ 4 sl " e

_ A AT,
LLL I, Ll AAR
— - junﬁ' o 9 Type Il outlier
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Unmasking Clever Hans Predictors
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Unmasking Clever Hans Predictors

Tﬁtéu\r%\/\ _ Unmasking Clever Hans predictors and
communications  assessing what machines really learn

34
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Unmasking Clever Hans Predictors

I n

C: Lothar Le AT 2o

www.pfer

'n
A\

[
/ N
J
C: Lothar Ler 2
WWW. pfcr(ffoloarcéiv de

C: Lothar Lenz
www.pferdefotoarchiv.de

Ton Lomaru\\z

WWW, plenjefotoarchw de
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|dentifying Biases

Smiling as a contradictor of age

Predictions
25-32 years old

Strateqy to solve the problem:
Focus on the | aughing é

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

pretraining on  people do not laugh)
ImageNet

State-of-the-art DNN model, Adience Dataset (26k faces)
(Lapuschkin et al. 2017)

\
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Scientific Insights

Our approach :
- Recurrent neural

S networks (CNN + LSTM)
for whole-brain analysis
o ﬁ - LRP allows to interpret
. ) 46x37x16 ; the results
e 5‘%‘ 23x19x16 E
B ;%pﬁ..’a 12aosz oV .
B, “'-.-':Qn : Rad
Sgh s # E "-’ -
N A g
' T
|:I 3x3 conv. (stride: 2)
|:| 3x3 conv. (stride: 1)
I:I bi-directional LSTM
|:' fully-connected
-------- » forward pass
<4— LRP
(Thomas et al. 2018)
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Understanding Learning Behaviour

L&l &0 [

Lll__lLl]ll_.l—
)

1

(Lapuschkin et al., 2019)
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Understanding Learning Behaviour

Relevance Distribution during Training

16
14
12
10

T

b Paddle
¢ Tunnel

o N B OO @

|
100
training epoch
epoch 0 epoch 6 epoch 50 epoch 100

| O3 ® 0] | OV R 0| | @O0 ® 0| | O3V B 0

0

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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Understanding Learning Behaviour

mEEsIEGiEEEEE 1 1 oooooo
| % % % L + + +

AN

% ?h
o [
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Meta-Explanations



Meta-Explanations

SpRAYy’s idea: Explain whole dataset decisions of a ML model

by systematically analyzing distributions of LRP heatmaps.

Meta-Explanations
Copyright Tag DiveFeatures

S v
TR T I |
.
S O ¥
s Ve o
)

cluster

Copyright Tag

=
Hurdles

_nim\ré\/\? Unmasking Clever Hans predictors and
communicaTions  assessing what machines really learn

(Lapuschkin et al., 2019)
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Spectral Relevance Analysis (SpRAY)

SpRAYy for Fisher Vector and DNN classifiers on PASCAL VOC 2017.

eigengap 0.5
- k=1
2o o k=2 [0.4
(GRS [0 k=3 L 0.3
g % k=4 o
g > Bl k=5 L 0.2 ~
1] :
Q=
ﬁ g - 0.1
i'l_- |”_|I—| T T |‘._| |. 'OO
] hor boa car mot bic bus cat aer per tra she cha tvm dog cow sof bir pot din bot
eigengap
) 0.5
k=1
E k=2 0.4
© k=3
2 =i ls
E k=5 Lo ™
> . il | I | 1 F0.1
g I 1 I 1 1 I 0.0

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

(Lapuschkin et al., 2019)
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Spectral Relevance Analysis (SpRAY)

copy border mirror crop sky blue colour random colour random noise
= . . . . - .
0 Aeroplanes
‘-gi
X
w
< 34
-4 -
_ _ mirror crop  sky blue random ran;lom
border of the image seems important colour  colour  noise
-
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Beyond Explaining Classifiers



The ANeuralil zati on

NEON (Neuralization-Propagation)

Explain ML algorithm (e.g., SVM, k-Means) in two steps:

1.Convert 1t I nto a neur al net wor Kk
2. Explain the neural network with propagation methods (LRP)

One-cl ass SVM (Kauffm&Lhudi&ying (Kauff man

ﬂl cluster .
Ga |i—l| «—— Type | outlier
|'ID lo ot
C 97
o0 B D | iner ¥ L
ad?ﬂfj T~ 56 0
Y, C
[AT ) ==,
0o | 0
L\‘? - E ] Type Il outlier "
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Neuralizing K-means

K-Means Clustering

oo o o o o o o e o e e o o

Represent evidence for cluster membership using logit

Plw.|x
fe(®) = log (1 —SD(QL |)a;))

exp(—03 - oc())
> rexp(—0F - ox(x))

o () = [|& — p.||*

Plwe|z) =

|

|

|

|

|

|

|

[ .
I with
|

|

|

|

|

|

|

Proposition 1. The logit that quantifies cluster membership can
be written as a soft min-pooling layer

fol@) = B min{on(@) ~ ou(@)},

where we define min®{-} = —F" log 3" exp(—A3(-)).

(Kauffmann et al. 2019)
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Neuralizing K-means

Standard K-Means . Kernel K-Means . Deep K-Means

cluster ()

cluster p.
contributors "/

cluster ft.

o

competitors
K

competitors

competing (k) Ly
. contributors "4 :

conv

(Kauffmann et al. 2019)
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(Kauffmann et al. 2019)
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