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Speaker Intro
Dr. rer. nat. Sebastian Lapuschkin (né Bach)

2022 - Method: CRP & RelMax: XAl 2.0 [Achtibat et al. 2022]
2022 - Method: CIArC [Anders, Weber, et al. 2022]

2021 - Head of XAl Group at Fraunhofer HHI

2019 - Method: SpRAy [Lapuschkin, Waldchen, et al. 2019]
2018 - PhD Machine Learning / XAl at TU Berlin

2017 - Method: DTD [Montavon et al. 2017]

2016 - Method: MoRF [Samek, Binder, et al. 2017]

2016 - 15t Encounter: Clever Hans [Lapuschkin, Binder, Montavon,
Muller, et al. 2016a]

2015 - Method: LRP [Bach, Binder, Montavon, et al. 2015]
2013 - MSc CS (ML+XAl) at TU Berlin
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https://scholar.google.com/citations?user=wpLQuroAAAAJ
https://arxiv.org/abs/2206.03208
https://www.sciencedirect.com/science/article/pii/S1566253521001573
https://www.nature.com/articles/s41467-019-08987-4
https://www.sciencedirect.com/science/article/pii/S0031320316303582
https://ieeexplore.ieee.org/abstract/document/7552539/
https://openaccess.thecvf.com/content_cvpr_2016/html/Bach_Analyzing_Classifiers_Fisher_CVPR_2016_paper.html
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0130140

Roadmap of this Talk

m Brief Intro: Machine Learning & Artificial Intelligence
m Local XAl, Applications & Limitations

m Towards Actionable XAl with
Concept Relevance Propagation and Relevance Maximization
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The Power Spectrum of Al

<

>
Super-Human Clever Hans
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Data is Major Driver in Al

Source: ImageNet [Russakovsky et al. 2015]
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However, not All Data is Flawless
and all Data is not Flawless

Uirangpe Socoer Ball (Chesapeake Adrliner
Bay Retriover)

Left: Unwanted Correlations in Pascal Datasets [Everingham et al. 2007]
Right: Labelling Errors in ImageNet [Stock et al. 2018]
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Al vs "Programming"
Avoid Issues by Hand-crafting a Well-behaved System?

Programming Answers
Rules
Data
Answers

Would likely fail at the complexity of typical current-day ML problems.

.is_cat ()
.is_cute()
.has_whiskers ()
.can_purr ()
.has_ears|()

.cat_ears|()
.not_dog_ears ()

?

And, would we even be aware of these data issues?
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Trade-off: Transparency vs Performance (?)

I predict class

"Rooster"”

Prediction
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So What Does the Model Learn to Predict on?

"boat"! "horse"!
but why? but why?
"horse"! "horse"!
but why? but why?

Critical to know esp. in high-risk scenarios, e.g. medical domain, autonomous driving, finance, ...

\

Dr. Sebastian Lapuschkin ~ Fraunhofer

HHI



Enter Local XAl

I pregict class

"Rooster"

Prediction

. "mainly because of its red comb and throat wattles.
Secondary indicators are the observed featherwork.”

Explanation

Countless approaches: Saliency [Morch et al. 1995], DeconvNet [Zeiler et al. 2014], LRP [Bach, Binder, Montavon, et al.
2015], DTD [Montavon et al. 2017], IG [Sundararajan et al. 2017], SHAP [Lundberg et al. 2017], Grad-CAM [Selvaraju et
al. 2017], SmoothGrad [Smilkov et al. 2017], PredDiff [Zintgraf et al. 2017], MPert [Fong et al. 2017], ...
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How does XAl work?
Layer wise Relevance Propagation in brief

1. forward computation

mput

—
=
O

“» | (1) decompose

Zik
J
Rj = — Ry

G

(2) aggregate

2. relevance propagation

input

R
. &
@ .......... . . . output
P ',/ﬁ, s, ‘\ R
OO @ o0 =00~
(LY O o & R;j = E : Rj i
see [Bach, Binder, Montavon, et al. 2015], [Kohlbrenner et al. 2020], [Samek, Montavon, et al. 2021].
Software: [Lapuschkin, Binder, Montavon, Muller, et al. 2016b],[Alber et al. 2019],[Anders, Neumann, et al. 2021]
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XAl in the Past
Provision of Hints into Predictions and Datasets

\\Ll

*qu s O
P, rm ’“‘" 3 'r

e
I

-~ = J B
T~ S ———
=]

Pretty obvious results: XAl may assist in uncovering model behavior [Lapuschkin, Binder, Montavon, Muller, et al.
2016a], as a basic form of knowledge discovery, eg for fixing data sources (actionability!)

Here, on (former [Chatfield et al. 2011]) SOA model on the PASCAL VOC [Everingham etal. 2007] benchmark.
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Defining Actionable XAlI:
"Explanations allow the Stakeholder to Act"
A e anacr

THE Al

Goal Orientation

compliance-oriented
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Cognitive Optimization

Based on [Hacker et al. 2022]: “Varieties of Al Explanations Under the Law. From the GDPR to the AIA, and Beyond"'
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Recent Demonstrations of (Actionable) XAl

XAT for increasing model efficiency

Learn Task 1 _— Fine-tune Task 2

Pruning and Domain Adaptation Workflow
et - . T =TT =
P, A e PPt
'. n ;
. G| s relaed . - ——
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Improving Model Efficiency by Pruning / Quantizing
irrelevant filters, neurons or weights with XAL
(Yeom et al., 2021), (Becking et al., 2022)
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fine-tuning by reducing learning-elasticity of
task-relevant network elements with XAIL
(Ede et al., 2022)

Prevent Catastrophic Forgetting in Neural Network

with LRP/RNF:
Relevance-based
Neural Freezing

Refs: [Yeom et al. 2021] [Becking et al. 2021] [Ede et al. 2022]: Goal oriented, no / limited cognitive optimization.
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Recent Demonstrations of (Actionable) XAl

XAI for knowledge discovery

I SXY YL

Q
Epidemiology: Using purpose-built disease risk predictors [@

to identify (novel) sufficient cause combinations for
understanding deseases. °
(Rieckmann et al., 2022) cQ

Large-scale analysis of attributions
with Spectral Relevance Analysis:
Exploring model behavior for systematic patterns.
(Lapuschkin et al., 2019)

Refs: [Lapuschkin, Waldchen, et al. 2019] [Rieckmann et al. 2022]: Some cognitive optimization
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Recent Demonstrations of (Actionable) XAl

XATI for fixing model behavior
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Predictuion
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Explanation
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Guide or Restrict model behavior with ground truth knowledge during training: fe 4

<4—p  Label

“\‘\ih‘t'

Explimation

e.g. RRR (Ross et al., 2017), CAIPI (Teso et al., 20219),
CD-EP (Rieger et al., 2020), XIL (Schramowski et al., 2020)

Clans Arsfact Campensation Workflow
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Types of Model Improvement based on XAl

| Predictions ""‘“" . "' ]

[ -

o
)

cQ Overview paper on XAl-based

model-improvement: (Weber et al., 2022)

Class Artifact Compensation:
First identify systematically used
features, and then unlearn or
suppress if (un)desired.

(Anders et al., 2022) (Pahde et al., 2022)

Refs: [Ross et al. 2017] [Teso et al. 2019] [Rieger et al. 2019] [Schramowski et al. 2020]
[Anders, Weber, et al. 2022] [Pahde et al. 2022] [Weber et al. 2022]
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Limitations of Local XAl
What about Actionability via Cognitive Optimization?

a class-conditional heatmaps for more specific eXplaIlatIOHb

input all 0 1 2 4 5 6 7 8 9
-4 ‘ s . s ~ s .I_'u- e
8 Bom B E‘J 'f‘~ & o 55 2 7
-f ] "
i ‘ f‘ - '_ I L - L | | {_ ¥
LIS < 0.4 -1.6 () -3.7 L__:f 32 I i _ 05 C)-28 [ 68 (. 129 () 06
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Limitations of Local XAl
What about Actionability via Cognitive Optimization?

a class-conditional heatmaps for more specific explanations
input all _ 0 1 4 5] 6 _ 7 8 9

2 3
T R O S
BEREREERLBRE

II_-'l = g

S,R, 04 16 B5 8% 5 32 B 4f C3-80 E3-05 <98 SBR[ 13a 00 04

b limited explanatory value of traditional heatmaps

input

&,
:
—
o}
L5}
=
Sooty Least Gray-crowned  Pine Brewer Boat-tailed Great Crested Glaucous-
Albatross Auklet Rosy Finch Grosbeak Blackbird Grackle Flycatcher winged Gull
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Problem: Superposition of Feature Attributions

Opposes Cognitive Optimization!

beak type 23
N

O

OO OO0
\
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Enter NextGen XAl
Respecting the Complexity of Deep Learning Inference

glocal XAl

What features is the model using here?

e.g. ProtoPNet [C. Chen et al. 2019] ...

we focus on CRP & RelMax
[Achtibat et al. 2022] for reasons*

local XAI

Where is the model looking at?

global XAI
What features exist?

*) reasons: it is our own work ;) ,

input heatmap

but also;
completely post-hoc, no extra requirements,
delivers global-local explanations,

widely applicable & highly efficient!

O]

sCOYes
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[Il] Concept Relevance Propagation
Respect Concu rrency (plus temporarily make some minor assumptions)

conditional attributions R(x|6)
mput 04 = {dog} 845 = {dog, snout}

B4. = {dog, eye}

global relevance

N DL
.-—_f.—_._;_- _
snout eye fur other “"‘-\_ e 4 .
. Zjk
CRP: Rjci(alf) = 2 -3 i Ri(ald)

extends the LRP-decomposition step c €0
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CRP enables Novel Analyses and Insights!

local relevance aggregation hierarchical concept composition

) channel j
channel 1

RHY (x|0) ~

(u,v,8)(p,q.J)

regions of < I
interest

Iy

A P R |

region 7| region Zo

i |
1l

1
419" [ |
¥ I

t t
snout eye fur other snout eye fur other B

layer [ — 1

Conservativity of CRP enables meaningful aggregation strategies
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CRP enables Novel Analyses and Insights!

input image conditional CRP heatmaps of the top-5 maost relevant latent concepts
- |
" _'f'. % E - P ;-l_'.h -
- "'!: \ Al i
Bolx|) = £.4% Rixill) = 5 'i"-?[l R (=8 = 1.0°% R (i) = t.l.'F.’_I R.ix#)=13%
channel 169 hannel 35 channel 89 channel 316 {
lizardy features 7 background (lizard) head / eye 7 lizard and ;/ on

LRI heatmap

vegetation ! branches 7

- CRP refines the "where".

(at pretty much ZERO COS'T)

What about the "what"?
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Addressing the "What"-Question
A (very) Brief Review of GIobaI XAl

(Olah et al., 2017) oot e ' 5 (Zeiler et al., 2014) feature visualization

generatlve approaches @ -og
e s a1t 3 -.
ot = B
T8
— 2 'S
. - . e “‘S =y (Bau et al., 2017) Network Dissection
Bepiebss ,q Q Hulm mmm
o . S
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o . : i 1] [
et » @ '
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. e o ) Q g Chen et al., 2020) data-based activation maximization
w g
e 23 Ao =
. . 5 ° S =
: = £
T . Ehs iﬁ!f”.!ﬂﬂ'.ﬁ
= ; :
- - o S——
LK - z: WoadBuNSERS
<= ‘

Consensus: DNNs learn abstract, human-understandable features in latent space
Further Reading: [Zeiler et al. 2014] [Olah et al. 2017] [Kim et al. 2018] [Bau et al. 2017] [Hohman et al. 2019] ...
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[l]] Relevance Maximization
or why Activation Maximization (alone) is not the Answer

. . layer with ReLLU activation
activation vs relevance flow

reference samples X" for . ) ) )
4 activation — stimulation

input weight @ /'¢"@ %, without task-context
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[l]] Relevance Maximization
or why Activation Maximization (alone) is not the Answer

activation vs relevance low —— results in different example sets

input e without ta&,k context

= :
4
=
IZ
13}
o] \
QO \
O o=
g 1 :_ 1
CG "l‘
=
2
d

\ within task-context
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[1]] Relevance Maximization
as a Stable Measure of Utility

input reference samples channel output cond. relevance
max activation max relevance

channel 38

) first layer
input

channel 55

LT

weight (channel 38) weight (channel 55)

red channel green chiannel blue channel red channel green channel blue channel
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red vs. green input

red color

red color

green color

[FlEBuRTER; 3

green color

input normalization

x € [0,1]3 — Xk

Trorpragoe
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[1]] Relevance Maximization
as a Contextual Measure

class-specific relevance-based reference samples

all

LT -

ambulance berry

thimhble

Limpiin

chabn
[V EE ]
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Explaining the Explanations
for Cognitive Optimization

CNN channel
iuput_ R

full input

L™ @ Bl
P :

; ] —
typical scenario in literature:

provide full input-sized explanatory examples.

2

L

which one is / are the relevant feature(s) ?

See, eg, [Z. Chen et al. 2020]

Dr. Sebastian Lapuschkin
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Explaining the Explanations
for Cognitive Optimization

channel neuron receptive field

neuron

. g i
receptive field ?{\
(\’ = ~ L]

b-rule B

o
.

Receptive Field Computation may be complex [Araujo et al. 2019],
but can be made easy with XAl [Bach, Binder, Mller, et al. 2016] [Kohlbrenner et al. 2020].
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Explaining the Explanations
for Cognitive Optimization

CNN channel

e
i

full input

1f'ccpt1\ e field

receptive field

wrt feature's receptive field

zoom into sample

\
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Explaining the Explanations
for Cognitive Optimization

channel output  channel heatmap iput

channel
heatmap
.‘_\_ — ; I : o i
. LRP E /

Latent features can be explained with LRP/CRP, if treated as (concept) detectors.

\
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Explaining the Explanations
for Cognitive Optimization

CNN channel

= [
mput - T

full input

hhifltmap L[{S‘T F —I l.i_ )
— CRP !‘ ® - = P 4
A B ol « 0§

iy !

CRP heatmap receptive field

cropped

receptive field

feature output: increase focus

explain examples wrt
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Explaining the Explanations
for Cognitive Optimization

CNN channel
input -

full input
=4
ii’ *

neuron [FE==

E TR k‘“H'-.. } Fg
£ Al 4
| l@ | s z
& _ 1Jl‘t’(:{.p(.ivr‘. field =
g | =
2 heatmap 7. =
8 i e iy %
< 8
g = ‘ o)
§ ? [\J ]wcephw field a
. "\‘{“-';u %
= . 1 T
o= .. CRE | t | o
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=g e
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The Concept Atlas: Combining CRP and RelMax

input conditional heatmap masked reference samples (most relevant)

but how much info is
needed to understand?

channel 469

heatmap

“not all that much, fortunately!

L]
3]

5
: 0.10
’ £ 0.5 B
i features.28
concept atlas i
1 | = |
E 128 256 R4 AI12
: chanmel (sorted by relevance| = st relovont Hrst
% & 7 beast relevAnt frst
_ g 1.0 E
E -
o E 0.5 _;
< [ 469 I 35 IR0 4 S0 z

= Il 316 I 161 [T other
<= Il lst s 2nd most el
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Local Analyses as a Bottom-Up Complement

channel 10 channel 39

channel 253

channel heatmap

2=

i) = L9 e LS Y

reference samples with channel heatmaps

B

i [, = i T

Wi

e[, = L A =

color-concepts dominate in region 7,

input

ABIRIO

pax

heatmap

ruginns I of ilorest
I

MOJ[aA

channel 97

channel 232

channel 49

chanmel heatmap reference samples with channel heatmaps

8

b AR SR

sadrns SuEaam

pom

SPAMD YIED

texture-concepts dominate in region 7y
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Run-time Cost of CRP & RelMax

Chisose alnta snmple
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Local-Global Explanation Workfow

prosprocessing
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Towards Actionability
Investigating Suspicious Encodings

input reference samples channel output  cond. heatmap

channel 248

features.28
features.0 o

channel 12

input
Example: ISIC [Combalia et al. 2019][Codella et al. 2018][Tschandl et al. 2018] has known problems

[Rieger et al. 2019][Anders, Weber, et al. 2022]. How to identify, evaluate & precisely fix post-hoc?
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Towards Actionability
Investigating Suspicious Encodings

effect on class output effect on channel relevance
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Towards Actionability
Concept-based Reverse Search

input most relevant channels in region

454

361

on] ().
g 1 5 9 13 17 20
channels (sorted by relevance)
heatmap
L <t o
— < ClEss
<t =g
S - sl
——————— QO g 580
- =~ o0 .
i bl - B moe
——————— 5 7 M s pay-plximn
- oony
g 1 5 9 13 17 20
channels removed
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Towards Actionability
Concept-based Reverse Search

whistle mob screw  mosquito net can opener

L |
conditional heatmap R(x|0 = {c361,¥y})
.
Ve
‘- b ~ . (= v ~ * F :é‘

Fixing the Model: Adapt encoding space globally [Anders, Weber, et al. 2022] or rather outcome-dependently?
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Towards Actionability
Outlook: Understanding Feature Subspaces & Interactions

a concept similarity clustering of latent space

reference samples (most relevant |

t-SNE embedding of p-clusters

Global-Local XAI:
new tools for understanding and revising Al
fi 4 F F
830y ‘ empowering novel applications of XAI
i, Y. via precise informed interactions with the Al
tig
44
:'....
similarity 1o channel 446 31 :1‘1; .‘!Ix I‘l] 42 .1’1
grouped due to highly b fine-grained decision making
similar activation hehavior ] oy g e g
condilional activation activation conditional
gt lieatiap ap channel $4: ronnd, Hat keys g hesdinap input
yet attribution I P
Tl
scores differ! = - ! — ik
| hannel 7: round knobs |

conditional heatmap I

of oll channels

of all channels

g ™
x ; i d : e
conditional heatmap
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Other Noteworthy Mentions & Projects

Some of the presented works have received funding from the
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Ideas, Applications and Collaborations
Always Highly Welcome!

Get In Touch!

sebastian.lapuschkin®@hhi.fraunhofer.de

For more details, awesome results and inspiration, read the full preprint of
[Achtibat et al. 2022] at https://arxiv.org/abs/2206.03208

Want to try out CRP and RelMax with your PyTorch model?
Go to https://github.com/rachtibat/zennit-crp
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