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Syllabus

Part Il: New Developments
- Concepts and prototypes

- XAl for LLMs
- NonInterpretable domains

- Beyond classification




Success Stories of XAl 1.0

input

(b) Explanation

(a) Husky classified as wolf

heatmap

for Melanoma class
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Challenge: Interpretation Gap

Local XAl functions as marker for important fetures

v

Does it help understanding?

Local XAl tells us "where" important features occur.
However, it neither tells us "what" this feature is nor how it is used by the model.




Challenge: Lot of Manual Work to Screen Explanations

Time & Effort

Seconds Minutes Hours Make it Stop
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From Attributions to Concept.evel
Explanations



Explainability 2.0: Where, What and How

nature machine intelligence
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Explainability 2.0: Where, What and How
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Goal: Explain in terms of
these concepts.



Explainability 2.0: Where, What and How

Concept: "animal on branch"
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Goal: Explain in terms of
these concepts.



Explainability 2.0: Where, What and How

Concept: "colourful, bushy feathers"
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Explainability 2.0: Where, What and How

K_nom Hidden
glayers encode
:semantic concepts.

Goal: Explain in terms of B

these concepts.
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Addressing the "What"-Question

(Chen et al., 2020) data-based activation maximization
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Idea: Image which maximally active the

neuron contain the "concept" encoded by
the neuron.

.

What does this channel encode?
We can find out by activation maximization.




From Activation To Relevance Maximization

activation

relevance

X' act
8 sum

activation vs relevance low ———— result in different example sets

k—cgntext

¥

without tas

AM: Images which maximally "stimulate" channel

(unrelated to prediction which we aim to explain)

RM: Images contain the concept encoded by the channel
for which the channel is "most useful" to the model.

within task-context



Concept Relevance Propagation (CRP)

input conditional heatmap masked reference samples conce pt 2
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Concept Relevance Propagation (CRP)

input conditional heatmap masked reference samples conce pt 2
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Concept Composition

features.24 features.26 features.28 output

channel 162: colorful feathers (2.6%)
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channel 506: colorful, bushy feathers (5.1%)
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LRPbhased relevance distribution allows to explain which concepts are built from which concepts.



Concept-based Reverse Search

input most relevant channels in region )
5 Reverse search-ind
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Goal Find other images, for which these "faulty" channels are also relevant.



Concept-based Reverse Search

whistle mob screw  mosquito net can opener puma spiderweb

conditional heatmap R(x|0 = {c361,y})

e h S 'b K “ - §+

Fixing the Model : Adapt encoding space globally [Anders, Weber, et al. 2022] or rather outcome-dependently?



How much Manual Work does XAl Require?

Seconds Minutes Hours Make it Stop Time & Effort
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& Q-f’ L - lml Observe until you find something,
"'0(\(9 noteworthy, then automate.




From Individual Explanations to Understanding of
Global Behaviour



Prototypical Concept-based Explanation (PCX)

from local explanations to global prototypes

0 collect local explanations
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(Dreyer et al., CVPRW, 2024)



Prototypical Concept-based Explanation (PCX)

from local explanations to global prototypes

concept

concept relevance
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Prototypical Concept-based Explanation (PCX)

from local explanations to global prototypes

e find prototypes

What can we do with it? _
- get insights from protype composition & distribution
1 - identify "outlier" prototypes (Clever Hans ?)

- identify out-of-distribution samples (not close to
. prototypes)

concept 1 rele\'ali ntifying the (Extra-)Ordin
9
3 : k 1k
Bl . ; L (v) = logp (1)
(u

concept relevance
vectors v ‘Weo **°




Identify Outlier Prototypes

Prototype 0 Prototype 1 Prototype 2 Prototype 3 Prototype 4 Prototype 5 Prototype 6 Prototype 7 3
covers 17% covers 4% covers 16% covers 7% covers 9% covers 14% covers 10% covers 23% UMAP embeddlng
sim. 0.95 sim. 0.64 sim. 0.95 sim. 0.94 sim. 0.94 sim. 0.96 sim. 0.92 sim. 0.96

C2NJ GKS LY 3Sb S -16 tayeafenturasi28) dbrg dre/albé sarapte®dDLeopard Lacewing butterfl

Leopard Lacewing Butterfly != Lacewing



Identify Outlier Prototypes

Prototype 0 Prototype 1 Prototype 2 Prototype 3 Prototype 4 Prototype 5 Prototype 6 Prototype 7 UMAP embeddlng
covers 11% covers 18% covers 9% covers 13% covers 18% covers 7% covers 12% covers 12%
sim. 0.87 sim. 0.74 sim. 0.81 sim. 0.88 sim. 0.91 sim. 0.79 sim. 0.90 sim. 0.90

-

class "tger cat"

Tiger = Tiger Cat



prototype 0 prototype 1 rototype 2  prototype 3  prototype 4  prototype 5
29

class N AN ' T w0
"Hickelhaube"
Pl1CKelnaube

black & white & groups A

prototype

composition



Validating Al Predictions

UMAP embedding of training predictions for carton class
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Validating Al Predictions

1. Examine the characteristic concepts of each prototype.

y s o a checking prototypes for spurious behavior
UMAP embedding of training predictions fo . 2R S P G s
input localization concept visualization
prototype ' S
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&P Chinese watermark concept most relevant
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Validating Al Predictions

1. Examine the characteristic concepts of each prototype.

y “ o a checking prototypes for spurious behavior
UMAP embedding of training predictions fo At L o5 P _ G s
input localization concept visualization
prototype S
3
outlier =
cluster “
&P Chinese watermark concept most relevant

] i
~ 2400

poOyIaNI]-

2300

other

outliers |-

b checking outlier clusters for spurious behavior

input localization

concept v 15uahzamon

2. Study clusters of training predictions that deviate strongly
from prototypes for spurious behavior.

concept 328

“—3» Tiger Cat concept most relevant




Comparing Class Strategies

a concept-based similarity of classes

fishes tench 0 |
goldfish 1

great white shark 2
tiger shark 3
hammerhead 4

electric ray_5

stingray 6

cock 7

birds hen 8
ostrich 9

e hrambling 10
goldfinch 11
house finch_12
junco.13

indigo bunting 14
— 1ODIN_15
bulbul 16
jay 17
magpie_ 18
chickadee 19

1.0

Kjureqruns

Understand, which concepts are over- and
w underused.

DVUD DD B4 DOONIDDOOAD

Y T ——— What is the difference between
B o brambling and robin?

7i.\om
brambling robin



Comparing Class Strategies

a concept-based similarity of classes

ishes tench 04 |
i goldfish 1 -l |
great white shark 2
tiger shark 3
hammerhead 4

electric ray_5

stingray 6

cock 7

birds hen 8
ostrich 9
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goldfinch 11

house finch_12
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indigo bunting 14
p— TODIN_15
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Kurepruas

Understand, which concepts are over- and
o underused.

chickadee. 19 =
QYYD D04 DO QODIDPMOLA DD
class id
b studying class similarities and differences

concept visualizations Whereas both are similar in terms of orang®wn

R O2f 2NJ Ay LJ NI awKAKGSe aRRT
texture (indication for Brambling) and the
combination of brown, white and black patches
(stronger present for Robin).

robin




Out-of-Distribution Detection

Table 2. OOD detection results for (VGG|ResNet|EfficientNet) models trained on CUB-200. Higher AUC scores are better with best bold.

LSUN Places365 Textures ImageNet Average
MSP [22] 99.2]98.8198.9 91.2]193.9|88.4 89.2|91.6|89.7 85.3]90.7|87.0 92.0
Energy [32] 100.0|99.8|47.7 97.3]196.1|84.4 94.7|95.0|63.9 89.7]93.2|87.2 87.4
Mahalanobis [30] 16.9]74.4|53.1 80.3195.9190.0 92.1|96.9|95.6 89.4|95.7|89.6 80.8
PCX-E (ours) 99.9]99.8]99.8 95.9]97.4194.9 98.7|98.9|98.6  93.2|95.7|92.7 97.1

PCX-GMM (ours) 100.0/99.9(99.9  97.9|98.5/96.1 99.3|99.3|98.8 95.9(97.2(93.6  98.0

Quantifying the (Extra-)Ordinary:

density (ordinary!)

class
likelihood

L]
outlier sample test sample




Out-of-

Distribution Detection

Table 2. OOD d

MSP [22]
Energy [3
Mahalano
PCX-E (o
PCX-GM

Quant

understanding OOD detection failure cases
ﬁ'. localization concept visualizations

a
e —
s

L 1.6% -

localization

- 2.9% -
OOD sample %

prototype
(Windsor tie predicted) = 4—3» resembles prototype in blurriness ( Windsor tie)

Figure 6. Understanding why an OOD detection is classified as in-
distribution: For the model, the blurry OOD sample is similar to a
“Windsor tie” prototype due to the high relevance of blurring (top
concept). This suggests a potential flaw in the model as it relies on
a blur concept rather than the actual “tie-like” concept.

ar with best bold.

Average

92.0
87.4
80.8
97.1
98.0




How much Manual Work does XAl Require?

Seconds Minutes Hoiii Make it Stop Time & Effort
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Objective: Understand (an aspect of) what your model is doing with your data.
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Automation
Potential
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5th Take Home Message

Human <> explanation interaction is crucial.

We need comprehesible XAl methods, which allf
for systamtic analysis with minimal effort for the

human.

DW




XAl for Transformers & LLMs



Layer-wise Relevance Propagation

R: ey
6 = OJ . (1) decompose
" g Ry, 5 Zjk
~- L;‘ @ dog RJ<—k — z— Rk
1 h g QO cat k
;1. 7 o O horse O
J O cow :
¥ 4 (O) (2) aggregate
O RJ - Z RJ(—k

zjk measures how much has j contributed to activation of k



Challenges for Transformers

T

QK
"How to meaningfully A = softmax NG
redistribute relevance O=A-V

through these layers?"

x; — E[x]
multiplication in LayerNorm(x) = \/\j]ar[x] — =7 + 05
attention layers -
J

RMSNorm(x) =




LRP: Faithful + Comput. Efficient + Latent Attribution

AttnLRP: Attention-Aware Layer-wise Relevance Propagation
for Transformers

Reduan Achtibat! Sayed Mohammad Vakilzadeh Hatefi' Maximilian Dreyer!
Aakriti Jain® Thomas Wiegand!%? Sebastian Lapuschkin®? Wojciech Samek! 31

! Fraunhofer Heinrich-Hertz-Institute, 10587 Berlin, Germany
2 Technische Universitit Berlin, 10587 Berlin, Germany
3 BIFOLD - Berlin Institute for the Foundations of Learning and Data, 10587 Berlin, Germany

https://arxiv.org/pdf/2402.05602

(to appear at ICML 2024)



AttnLRP Rules

Proposition 3.1 Decomposing the softmax function . KT
by a Taylor decomposition (4) at reference point x yields A = softmax
the following relevance propagation rule: \/ d k

Rl =gz;(R™ —s; Y R (13) O=A-V
J
where s; denotes the j-th output of the softmax function.

The hidden bias term, which represents the approximation
error, consequently absorbs a portion of the relevance.




AttnLRP Rules

where s; ¢
The hidde:
error, cons

Proposition 3.1 Decomposing the softmax function
by a Taylor decomposition (4) at reference point x yields
the following relevance propagation rule:

Proposition 3.2 Decomposing element-wise multiplication
with N input variables of the form

N
fi(x) :H%

by Shapley (with baseline zero) or Taylor decomposition (4)
at reference point x (without bias or distributing the bias
uniformely) yields the following uniform relevance propa-

gation rule:
1

Riej(z;) = NI (14)

A = softmax

O=A-V

Q K’

Vi



AttnLRP Rules

where s; ¢
The hidde:
error, cons

Proposition 3.1

Decomposing the softmax function
by a Taylor decomposition (4) at reference point x yields A = softmax
the following relevance propagation rule:

Proposition 3.2 Decomposing element-wise multiplication

with N input variables of the form O =A- A%

N
fi(x) :H%

by Shaple;
at referen
uniformel
gation rul

Proposition 3.3 Decomposing matrix multiplication with
a sequential application of the uniform rule (14) and the
e-rule (8) yields the following relevance propagation rule:

Rl
R A V; 15
g Z ¢ 1"20J,,p+ (15)

For V,,, we sum over the j indices.

Q K’

Vi



AttnLRP Rules

where s; ¢
The hidde:
error, cons

with N input variables of the form

N
fi(x) :H%

by Shaple;
at referen
uniformel
gation rul

Proposition 3.3 Decomposing matrix multiplication with
a sequential application of the uniform rule (14) and the

x; — E[x
LayerNorm(x) = —2 X v + B
Proposition 3.1 Decomposing the softmax function V Var[x] +e€
by a Taylc'vr decomposition (4) al" reference point x yields RMSNorm(x j "
the following relevance propagation rule:
Proposition 3.2 Decomposing element-wise multiplication N ZL :CL + €

E-mle (8) ylelds tha.fallowina.valavanca.nranaaation.rula.:

Proposition 3.4 Decomposing LayerNorm or RMSNorm by
a Taylor decomposition (4) with reference point 0 (without
bias or distributing the bias uniformly) yields the identity
relevance propagation rule:

-1
Rjz' (

R =R, (19)




XAl for Transformers

explanation for “dog”

¥ { |

c u

inpu AttnLRP (ours) SmoothGrad GradxAttnRoll ~ AtMan

faithfulness + — 0 o
computational

e1"ﬁcielrj1cyI + + + —
latent

ait(reirl])utions + + — +



XAl for Transformers

Methods Softmax Matrix Multiplication Layer Normalization
(Ding et al., 2017) Identity rule 0-LRP not available
(bi-linear)
= unstable (Appendix A.2.1) = violates conservation
(Voita et al., 2021) Taylor decomposition at X 2T-LRP Taylor decomposition at x
(distributes the bias uniformly) (bi-linear) (distributes the bias uniformly)
= unstable (Appendix A.2.1) = violates conservation = = unstable (Appendix A.2.1)
(Chefer et al., 2021b) Identity rule 0-LRP Identity rule
& post-hoc normalization
(bi-linear)

= unstable (Appendix A.2.1)

=> ensures conservation

= ensures conservation
& faithful

(Ali et al., 2022) Regarded as constant

=> stable & no attribution
inside attention module

0-LRP
(linear only)

=> ensures conservation

Identity rule

=> ensures conservation
& faithful

AttnLRP Taylor decomposition at x

(with bias)

= stable & faithful

e-LRP
& uniform rule
(bi-linear)
= ensures conservation
& faithful

Identity rule

=> ensures conservation
& faithful




Faithfulness

Table 1. Faithfulness scores as area between the least and most relevant order perturbation curves (Bliicher et al., 2024) on different
models and datasets. To assess plausibility, the (top-1) accuracy along with the IoU in parentheses are depicted for SQuAD v2. Methods
marked with (%) have been proposed here. Additional results for ViT-L-16 and ViT-L-32 are in Appendix Table B.6.

Methods ViT-B-16 LLaMa 2-7b Mixtral 8x7b Flan-T5-XL
ImageNet T  IMDB 1 Wikipediat SQuADv27T SQuADv27?
Random 0.01£0.01 —0.01+0.05 —0.07+0.13 0.03 (0.09)  0.03 (0.08)
Inputx Grad (Simonyan et al., 2014) 0.80+0.03 0.124+0.05 0.18+0.13 0.56 (0.35)  0.60 (0.39)
IG (Sundararajan et al., 2017) 1.54+0.03 1.23+0.05 4.05+0.13 0.68 (0.44) 0.10 (0.16)
SmoothGrad (Smilkov et al., 2017) —0.04£0.03 0.254+0.05 —2.224+0.14 0.47 (0.24)  0.05 (0.09)
GradCAM (Chefer et al., 2021b) 0.27+0.04 —0.82+0.05 2.01+0.15 0.82(0.72)  0.81 (0.70)
AttnRoll (Abnar and Zuidema, 2020) 1.31+0.03 —0.64+0.05 —3.494+0.15 0.05 (0.10)  0.02 (0.08)
Grad x AttnRoll (Chefer et al., 2021a) 2.60+0.03 1.61+0.05 9.79+0.14 0.91 (0.40) 0.94 (0.53)
AtMan (Deb et al., 2023) 0.70+0.02 —0.20+0.05 3.31+0.15 0.86 (0.83) 0.88 (0.80)
KernelSHAP (Lundberg and Lee, 2017) 4.71 £0.03 - - - -
CP-LRP (e-rule, Ali et al. (2022)) 2.53+0.02 1.72+0.04 7.85+0.12 0.50 (0.40) 0.91 (0.83)
CP-LRP (~y-rule for ViT, as proposed here)* 6.06 &= 0.02 - - - -
AttnLRP (ours)* 6.19+0.02 2.50+0.05 10.93+0.13 0.96 (0.72) 0.94 (0.84)




Results

Original Image

= i [E = ‘

B o

=
C
e
B
- ' &
|
=
= . =
. : = L]

IxG IG Smooth Grad AttnRoll GxAttnRoll AtMan CP-LRP (Ali et al.)  AttnLRP (ours)




Results

Evaluation on the
Mixtral 8x7b model

Question: In what country is Normandy located?
Answer: France

AttnLRP

Input x Gradient

The Normans (Norman: Nourmands; French: Normands; Latin: Normanni) were
the people who in the 10th and 11th centuries gave their name to Normandy,
a region in [Jl. They were descended from Norse ("Norman” comes from
"Norseman” ) raiders and pirates from Denmark, Iceland and Norway who, under
their leader Rollo, agreed to swear fealty to King Charles III of West Francia.
Through generations of assimilation and mixing with the native Frankish and
Roman-Gaulish populations, their descendants would gradually merge with the
Carolingian-based cultures of West Francia. The distinct cultural and ethnic
identity of the Normans emerged initially in the first half of the 10th century,
and it continued to evolve over the succeeding centuries.

B Normans (Norman: Nourmands; French: Normands; Latin: Normanni) were
the people who in the 10th and 11th centuries gave their name to Normidy;
a region in France. They were descended from Norse ("Norman” comes from
"Norseman”) raiders and pirates from Denmark, Iceland and Norway who, under
their leader Rollo, agreed to swear fealty to King Charles III of West Francia.
Through generations of assimilation and mixing with the native Frankish and
Roman-Gaulish populations, their descendants would gradually merge with the
Carolingian-based cultures of West Francia. The distinct cultural and ethnic
identity of the Normans emerged initially in the first half of the 10th century,
and it continued to evolve over the succeeding centuries]

AtMan

Grad-CAM

The Normans (Norman: Njjiiiflands; French: Normands; Latin: Normanni) were
the people who in the 10th and 11th centuries gave their name to Normandy,
a region in France. They were descended from Norse ("Norman” comes from
”Norseman” ) raiders and pirates from Denmark, Iceland and Norway who, under
their leader Rollo, agreed to swear fealty to King Charles III of West Francia.
Through generations of assimilation and mixing with the native Frankish and
Roman-Gaulish populations, their descendants would gradually merge with the
Carolingian-based cultures of West Francia. The distinct cultural and ethnic
identity of the Normans emerged initially in the first half of the 10th century,
and it continued to evolve over the succeeding centuries.

The Normans (Norman: Nourmands; French: Normands; Latin: Normanni) were
the people who in the 10th and 11th centuries gave their name to [Jilfondy,
a region in France. They were descended from Norse ("Norman” comes from
”Norseman” ) raiders and pirates from Denmark, Iceland and Norway who, under
their leader Rollo, agreed to swear fealty to King Charles III of West Francia.
Through generations of assimilation and mixing with the native Frankish and
Roman-Gaulish populations, their descendants would gradually merge with the
Carolingian-based cultures of West Francia. The distinct cultural and ethnic
identity of the Normans emerged initially in the first half of the 10th century,
and it continued to evolve over the succeeding centuries.

Integrated Gradient

The Nonu- (Nurmmi Nourmands; French: Normands; Latin: Nunu‘ were
the people who in the 10th &id 11th [l save their name §6 Normandy,
a region in . They were descended from Norse ("Norman” comes from
”Norseman”) raiders and pirates from Denmark, Iceland and Norway who, under
their leader Rollo, agreed to swear fealty to King CHAFI&S 111 of West Francia.
Through generations of assimilation and mixing with the native Frankish and
Roman-Gaulish populations, their descendants would gradually merge with the
Carolingian-based cultures of West Francia. The distinct cultural and ethnic
identity of ll§ Normans emerged initially in the first half of the 10th century,
and it continued [l evolve over the succeeding centuries.

rmans (Norman: Nourmands; French: Normands; Latin: Normanni) were
the people ‘who in the 10th and 11th centuries gave their name to
9 They were descended from Norse ("Norman” comes from
"Norseman” ’) raiders and pirates from Denmark, Iceland and Norway who, under
their leader Rollo, agreed to swear fealty to King Charles III of West Francia.
Through generations of assimilation and mixing with the native Frankish and
Roman-Gaulish populations, their descendants would gradually merge with the
Carolingian-based cultures of West Francia. The distinct cultural and ethnic
identity of the Normans emerged initially in the first half of the 10th century,
and it continued to evolve over the succeeding centuries.




Computational Comparison

10 '~:

AttnLRP needs only 1 backward pass to
explain prediction.

Perturbationbased methods too costly
for large transformer models.

Cost for Energy (logarithmic) [$]

[

-== AttnLRP 70b
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6th Take Home Message

Details of the LRP redistribution process matter!

It is challenging to adapt LRP to completely new,
model architectures.




ConceptLevel XAl for Transformers &
LLMs



Explainability 2.0: Where, What and How
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Concept-Level Understanding

The San Diego Electric - (SDERy) was a mass transit system in Southern

California, United States, using 600 volt DC streetcars and (in later years) buses. | AtnLRP attributions on top
10 ActMax sentences
Maintenance of way (commonly abbreviated to MOW) refers to the| collected over the

maintenance, construction, and improvement of - infrastructure, including| Wikipedia summary dataset
tracks, ballast, grade, and lineside infrastructure such as signals and signs. for neuron #2586, inlayer 18.
The knowledge neuron
France currently operates the second-largest European - network, with a| seems to activate for

total of 29,901 kilometres of railway. f[ransg.ortlsy)stems (railways
in particular).

The MHR had, in 1846, amalgamated with the "Little” North Western -
(NWR), which was taken over by the Midland Railway in 1874.Awdry,

p.97CThe rival London and North Western REMWaY (LNWR) built its Sl
branch line to Morecambe in 1864, joining the main LNWR line at Hest Bank.

Some - companies had a standard signalbox design, such as the London
& North Western Railway, whereas others, such as the Great Eastern Railway
had many different designs.




Concept-Level Understanding

The volume presents six short stories, with the titular story featuring Yahiro, a
substitute -, who begins having an affair with his student Kago.

In 2018, Derek Michael Boyce, a high school math and science at the
school, was arrested for having an inappropriate relationship with one of .
students, a fifteen-year-old girl.

The film follows a school as she suspects one of her students is suffering
from personal problems in his home life, not knowing that the student is
harboring an evil demon in his house.

During his time as a 2

students, which led to lawsuits and a $2 million sexual-misconduct settlement
in 2021.

Franco admitted to having sex with several of his

S

It tells the story of a schoo who falls in love with one of [l students,
and moves away in order to escape his infatuation.

AttnLRP attributions on
top 10 ActMax sentences
collected over the
Wikipedia summary
dataset for neuron
#2207, inlayer 20.The
knowledge neuron is
FOGAGIGAY T F:
unusual context such as
inappropriate behavior,
sexual misconduct etc.



Manipulation of Concepts

‘ Ice bears live in the ]

OUTPUT



Manipulation of Concepts

‘ Ice bears live in the J

[ AddgNorm ]
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OUTPUT

most activating prompts (AttnLRP-guided)

‘coldest, freezing, winter, January,
/ February, temperature”

&, dry spells, little water, Tamil, arid
—  climates, dryer periods, dry out”
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Manipulation of Concepts

rm most activating prompts (AttnLRP-guided)
Ice bears live in the J ‘coldest, freezing, winter, January,
/ February, temperature”

&, dry spells, little water, Tamil, arid
—  climates, dryer periods, dry out”

—

[ AddgNorm ]

U1 [ . N
~—— candy, sugar, sweets, confection

disable other manipulations
- SR TEECELTLTEETEFEEEETETLERERE R, >

neuron

v l
OUTPUT activate -> OUTPUT actlvate




XAl for Noninterpretable Domains



signal

relevance

Interpretation Gap

Task Male vs. Female Speaker Classification

2.51 (a) waveform

0
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0.3 (b) heatmap
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Explanations can be difficult to understand for the human.



Interpretation Gap

Task Male vs. Female Speaker Classification

Problem Retraining the model on transformed data
can introduce problems, be costly, or even not
possible.

0 0.5 1
seconds



Solution 1: Virtual Inspection Layer

virtual inspection layer
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(Vielhaben et al. 2024)



Solution 2: Audible Explanations
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(Frommbholz et al. 2023)



/th Take Home Message

one space, but very informative in another one.

--> We need to explain models in "interpretable"
spaces (i.e., naive application of enftthe-box
XAl may not be enough).

Explanations can be meaningless for the human|i




Beyond Classification



Explaining Segmentation & Detection

Question How to explain
segmentation.

|

Is the segmentation mask its owrg
explanation?
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Explaining Segmentation & Detection

CRP heatmap most relevant samples
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segmentation.

Answer In terms of the
concepts used.

2035

1972

: | less relevant channels

relevance score (object-specific)

(Dreyer et al. 2023)



Conditional LRP Explanation

Condition on this concept
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Explaining Segmentation & Detection

Various background

concepts are relevant

for person detection.

Figure 4. Examples of background concepts for class “person” of
the YOLOvV6 model in layer ERBlock.5.0.rbr_dense with



Explaining Segmentation & Detection

Without the dog the
model does not detect
the frisbee.

--> Clever Hans

(Dreyer et al. 2023)

input

missed frisbee prediction

logit change (%)

identification of context concepts
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Explaining Uncertainty

%

N / / J

Ensample of models (test time drop out)

Explaining Predictive Uncertainty by Exposing Second-Order Effects

Florian Bley*?, Sebastian Lapuschkin®, Wojciech Samek®"¢, Grégoire Montavond?*

* Department of Electrical Engineering and Computer Sci Technische Universitdt Berlin, Marchstr. 23, Berlin 10587, Germany
"BIFOLD - Berlin Institute for the Foundations of Learning and Data, Berlin, Germany
©Department of Artificial Intelligence, Fraunhofer Heinrich Hertz Institute, Salzufer 15/16, Berlin 10587, Germany
“Depariment of Mathematics and Computer Science, Freie Universitdt Berlin, Arnimallee 14, Berlin 14195, Germany

Distribution of predictions



Explaining Uncertainty

E(s%zx') = [

_|_
x




Explaining Similarity with BiLRP

(Eberle et al. 2022)



