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

[google scholar]

2022 - Method: CRP & RelMax: XAI 2.0 [Achtibat et al. 2022]
2022 - Method: ClArC [Anders, Weber, et al. 2022]
2021 - Head of XAI Group at Fraunhofer HHI
2019 - Method: SpRAy [Lapuschkin, Wäldchen, et al. 2019]
2018 - PhD Machine Learning / XAI at TU Berlin
2017 - Method: DTD [Montavon et al. 2017]
2016 - Method: MoRF [Samek, Binder, et al. 2017]
2016 - 1st Encounter: Clever Hans [Lapuschkin, Binder, Montavon,
Müller, et al. 2016a]
2015 - Method: LRP [Bach, Binder, Montavon, et al. 2015]
2013 - MSc CS (ML+XAI) at TU Berlin
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Roadmap of this Talk

Brief Intro: Machine Learning & Artificial Intelligence

Local XAI, Applications & Limitations

Towards Actionable XAI with
Concept Relevance Propagation and Relevance Maximization
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The Power Spectrum of AI
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Data is Major Driver in AI

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

Left: Unwanted Correlations in Pascal Datasets [Everingham et al. 2007]

Right: Labelling Errors in ImageNet [Stock et al. 2018]
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AI vs "Programming"
Avoid Issues by Hand-crafting a Well-behaved System?

Programming
Data

Rules
Answers

ML
Data

Answers
Rules

.has_ears()

.can_purr()

.is_cute()

...?

.has_whiskers()

.cat_ears()

.is_cat()

.not_dog_ears()

?φ

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

And, would we even be aware of these data issues?
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Trade-off: Transparency vs Performance (?)
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So What Does the Model Learn to Predict on?

"horse"!
but why?

"boat"!
but why?

"horse"!
but why?

"horse"!
but why?

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

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 XAI work?
Layer-wise Relevance Propagation in brief

LRP:
(1) decompose

(2) aggregate

see [Bach, Binder, Montavon, et al. 2015], [Kohlbrenner et al. 2020], [Samek, Montavon, et al. 2021].

Software: [Lapuschkin, Binder, Montavon, Müller, et al. 2016b],[Alber et al. 2019],[Anders, Neumann, et al. 2021]
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XAI in the Past
Provision of Hints into Predictions and Datasets

Pretty obvious results: XAI may assist in uncovering model behavior [Lapuschkin, Binder, Montavon, Müller, 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 et al. 2007] benchmark.
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Defining Actionable XAI:
"Explanations allow the Stakeholder to Act"
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Based on [Hacker et al. 2022]: ``Varieties of AI Explanations Under the Law. From the GDPR to the AIA, and Beyond''
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Recent Demonstrations of (Actionable) XAI

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) XAI

XAI for knowledge discovery

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

G
O

Epidemiology: Using purpose-built disease risk predictors
to identify (novel) sufficient cause combinations for
understanding deseases.
(Rieckmann et al., 2022) CO

G
O

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

XAI for fixing model behavior

Class Artifact Compensation:
First identify systematically used
features, and then unlearn or
suppress if (un)desired.
(Anders et al., 2022) (Pahde et al., 2022)

Guide or Restrict model behavior with ground truth knowledge during training:
e.g. RRR (Ross et al., 2017), CAIPI (Teso et al., 20219),
CD-EP (Rieger et al., 2020), XIL (Schramowski et al., 2020) CO

G
O

CO

G
O

Overview paper on XAI-based
model-improvement: (Weber 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 XAI
What about Actionability via Cognitive Optimization?
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Limitations of Local XAI
What about Actionability via Cognitive Optimization?
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Problem:

Superposition of Feature Attributions
Opposes Cognitive Optimization!

Rj

R = (Ri)i

RkRj←k
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Problem: Superposition of Feature Attributions
Opposes Cognitive Optimization!

Rj

R = (Ri)i

RkRj←k

beak type 23

plumage type 42
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Enter NextGen XAI
Respecting the Complexity of Deep Learning Inference

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

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

∗) reasons: it is our own work ;) ,

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

widely applicable & highly efficient!

CO

G
O
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[I] Concept Relevance Propagation
Respect Concurrency (plus temporarily make some minor assumptions)
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CRP enables Novel Analyses and Insights!
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CRP enables Novel Analyses and Insights!
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Addressing the "What"-Question
A (very) Brief Review of Global XAI

(Olah et al., 2017)

(Chen et al., 2020) data-based activation maximization

(Zeiler et al., 2014) feature visualization
generative approaches

(Bau et al., 2017) Network Dissection

(early works starting 2009)

A
ll 

M
et

ho
ds

 b
as

ed
 o

n 
U

ni
t 
A
ct

iv
at

io
ns

.
M

an
y 

in
tr

od
uc

e 
A
dd

it
io

na
l 
R
eq

ui
re

m
en

ts
.

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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[II] Relevance Maximization
or why Activation Maximization (alone) is not the Answer
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[II] Relevance Maximization
or why Activation Maximization (alone) is not the Answer
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[II] Relevance Maximization
as a Stable Measure of Utility
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[II] Relevance Maximization
as a Contextual Measure
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Explaining the Explanations
for Cognitive Optimization

See, eg, [Z. Chen et al. 2020]
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Explaining the Explanations
for Cognitive Optimization

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

Latent features can be explained with LRP/CRP, if treated as (concept) detectors.
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Explaining the Explanations
for Cognitive Optimization
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Explaining the Explanations
for Cognitive Optimization
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The Concept Atlas: Combining CRP and RelMax
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Local Analyses as a Bottom-Up Complement
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Run-time Cost of CRP & RelMax
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Towards Actionability
Investigating Suspicious Encodings

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

©Fraunhofer HHI | September 27, 2022 | 28 Dr. Sebastian Lapuschkin



Towards Actionability
Concept-based Reverse Search
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Towards Actionability
Concept-based Reverse Search

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
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Other Noteworthy Mentions & Projects

Conv BN ReLU Conv BN ReLU

M axPool

Conv ReLU Conv ReLU

M axPool

Canonization

zennit

Canonization Some of the presented works have received funding from the

grant agreement Nos. 957059 (COPA EUROPE) and 965221 (iToBoS). 

European Union’s Horizon 2020 research and innovation programme under

Refs: [Alber et al. 2019][Anders, Neumann, et al. 2021][Motzkus et al. 2022][Hedström et al. 2022][Hill 2022]
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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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