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I Intesa Sanpaolo Innovation Center is the Intesa
Sanpaolo Group company dedicated to
the frontiers of innovation.

It explores:

« future scenarios and trends

« develops multidisciplinary applied research
projects

« supports startups

« qccelerates the business fransformation of
companies

According to the criteria of Open Innovation
and Circular Economy, it favors the
development of innovative ecosystems and
spreads the culture of innovation, to make of
Intesa Sanpaolo the driving force of a more
aware, inclusive and sustainable economyJ
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Questionnaire
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Questionnaire

1. Do you know XAI?
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Questionnaire

1. Do you know XAl¢
2. Do you like XAI?
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Questionnaire

1. Do you know XAl¢
2. Do you like XAl¢
3. Do you think XAl works well?
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Questionnaire

WD

. Do you know XAl¢

Do you like XAl?
Do you think XAl works well?

Do you think a normal user can understand why a

model

has taken a decision by means of an XAl explanation?
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Outline

1. Motivation

2. Concept-based eXplainable Al (C-XAl)
3. Concept Bottleneck Models (CBMs)

4. Concept Embedding Models (CEMs)

5. Deep Concept Reasoner (DCR)
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Motivation
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Explanations depends on the input data

Loan Amount-
Checking Amount -
Age -

Residence Type -

Job -

Tabular data

Local Feature Importance

-0.2

0.0 0.2
SHAP values

0.4
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Explanations depends on the input data

Loan Amount-
Checking Amount -
Age -

Residence Type -

Job -

Tabular data

Local Feature Importance

-0.2

0.0 0.2
SHAP values

0.4

Structured data

« Each feature has a clear semantic

meaning

 From feature importance we can

easily define a counterfactual

example

+ Global explanations are meaningful
as features keep the same meaning

across different samples
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Explanations depends on the input data

Textual data Image data

Successfully got married and went on myhoneymoonwith no major [RERICIIRENEEEN Hi reddit, 5#x2008; | have found
COMIGHY in  this community of IR SAXIOUS people so | thought Fd share an update on my NN I've had NN
my jentifte! life’ and it JESIbECOME debilitating ot times. It makes me Scared to do things | want to do, such as

travel. This year is a big year @lime - | just got maried last Saturday and | just got back from my
honeymoonin  California. Those two things alone were enough to keep me up at night anxiously worrying FGNtHS before.
BUT - | did it It was a perfect trip and I'm so glad | didn't let my WERMESIUUIAI t. 'm gonna fist a few

things that have hélped meimmenselyand allowed me to enjoy my [l this week.&#x2008; \-first, | went to my
doctor and got a prescription Jiill 10 0.5mg Kionopin pills. My [ll was to use them MR tmes of extreme JEKNEN
(flying) only. These were very [l to me. | was really #fXioUs on my weddingmorning and almost couldn't (get
B of my car to g0l to the hair salon, so | BOPPEUINME o pil. About an hour into getting my hair and makeup
done, | realized | was fine. The rest of the day was absolutely beautiful and | had no social [N and didn't
feel any [pSRIGH | ‘also tooki a whole pill the moming of my flight to California. | was perfectly relaxed on the
plane and was pIESSantY sieepy. | have no intentions of taking these pilis on a regular day - just when I'm
doing something | know will send me into a IBARIGIE#x200B)-Secondly is just simply not letting my [N stop me
from doing things. [iilexample, | was very BAXIOUS to 'Get on our first flight and almost found myself saying "I
can't do this* Had | actually not done it and gonehome, | would have been even more scared of flying in the
future. But, | did it anywayand I'm so glad | did. Once | was in the [@ii;| | tumed on The Office and played
games on my PHONE and before | knew R, we were landing. Now I'm excited to /My [ and am lfEady planning
my next trip. | truly believe that exposure is helping my JSSMNE¥x2008; \-Third, | have been taking CBD oil
(both in ol form and through a vape pen) consistently. This [liidecreased my daily [NEENEN > I amount.
&#x2008; \-Fourth, | cut (6] coffee Gl the most part and try to stay away from refined sugar. | noticed a
correlation between my [ JEVEIS) and what | was eating/drinking, so | just started cutting things [0l of my
JNEEN | stil eat sugar and I an occasional latte, but it doesn't give me the same NN as when | was
eating/drinking these things daily. &#x2008; | just really wanted to [iill and let people know that while it may seem
like a never-ending battle, [INIMNI can definitely be Hielpeds | am slowly getting better and getting to know myself
in the process Much love to my [Manxiety-ridden folks.
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Explanations depends on the input data

Unstructured data

features lack semantic
meaning

counterfactuals cannot be
defined without an external
model

global explanations cannot
be extracted

Textual data

Successfully got married and went on myhoneymoonwith no major [BENICIENEREN Hi reddit, &#x2008; | have found
EOMIGIE in  this community of I SNXIOUS people so | thought 'd share an update on my INENIEN ''ve had NN
my jentire] fife’ and it [ESIbECOME debilitating at times. it makes me Scared to do things | want to do, such as

travel. This year is a big year @lime - | just got maried last Saturday and | just got back from my
honeymoonin California. Those two things alone were enough to keep me up at night anxiously worrying iGHES before
BUT - | did i R was a perfect trip and I'm so glad | didnt let my ERMESIRGIAI t. 'm gonna fist a few

things that have hélped meimmenselyand aliowed me to enjoy my [l this week &#x200B; \-first, | went to my
doctor and got a prescription il 10 0.5mg Kionopin pills. My [l was to use them MBI times of extreme JEKNEN
(flying) only. These were very [l to me. | was really #fXioUs on myweddingmorning and almost couldn't (get
BUt! of my car to (g0 to the hair salon, so | POPPSUINMN o pill. About an hour into getting my hair and makeup
done, | realized | was fine. The rest of the day was absolutely beautiful and | had no social RN and didn't
feel any [pBRIGH | ‘also ook a whole pill the moming of my flight to California. | was perfectly relaxed on the
plane and was PIESSAAtIY sieepy. | have no intentions of taking these pilis on a regular day - just when I'm
doing something | know will send me into a |BBRIGIE#x200B3-Secondly is just simply not letting my [N stop me
from doing things. [iilexample, | was very BAXIOUS to 'Get on our first flight and almost found myself saying "I
can't do this® Had | actually not done it and gone home, | would have been even more scared of flying in the
future. But, | did it anywayand I'm so glad | did. Once | was in the [@ii;| | tumed on The Office and played
games on my PHONE and before | knew &, we were landing. Now I'm excited to \fiy/ENII and am @alfeady planning
my next trip. | truly believe that exposure is heiping my SN x2008; \Third, | have been taking CBD oil
(both in ofl form and through a vape pen) consistently. This [iiidecreased my daily [N » NN sount:
&#x2008; \-Fourth, | cut (6] coffee Gl the most part and try to stay away from refined sugar. | noticed a
correlation between my [N JeVelS) and what | was eating/drinking, so | just started cutting things [OUll of my
JNEEN | stil eat sugar and Jifik) an occasional latte, but it doesn't give me the same NN 2s when | was
eating/drinking these things daily. &#x2008; | just really wanted to [l and let people know that while it may seem
like a never-ending battle, [INIMNI can definitely be Hielpeds | am slowly getting better and getting to know myself
in the process: Much love to my [MJanxiety-ridden folks.

Image data
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When considering unstructured data

Standard XAl does not always work well
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Which method is better? [1]
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[1] Adebayo, Julius, et al. "Sanity checks for saliency maps." Neurips 2018.
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Which method is better? [1]

Integrated

Original Guided  Guided Integrated Gradients
Image Gradient SmoothGrad BackProp GradCAM Gradients SmoothGrad
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[1] Adebayo, Julius, et al. "Sanity checks for saliency maps." Neurips 2018.
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Which method is better? [1]

Integrated Gradie

Original Guided  Guided Integrated Gradients ' Edge
Image Gradient SmoothGrad BackProp GradCAM Gradients SmoothGrad Input Detector
PRI e o
USEERE ‘:?. ., .. Litte e N La
o Edge detectors

2 , produce similar
% @ % ¥ explanations to #:
some sdliency

Wheaten O P = % maps
Terrier . :
[1] Adebayo, Julius, et al. "Sanity checks for saliency maps." Neurips 2018. am iﬁﬁ%@%"i‘%ﬁ SEKITER,




Towards where are we randomizing? [1]

Gradient ;Z”‘ ('
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[1] Adebayo, Julius, et al. "Sanity checks for saliency maps." Neurips 2018.
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Towards where are we randomizing? [1]

Cascading randomization

Original Image g < from top to bottom layers
« - « « «
% : > 5[ 'u-l él gl gv
d . 2 B & & 3 & & & =¥ 8 a § & 8§ 4 =
g2 11 1231 311313131331 1:11%1¢
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R OIR WE TE OX TH SE TR UFCEIES I PSPPI b e
Gradient= Input ) : 2 ‘ L ¥ e B ¢ PP 7 A
Guided Tem m ] T il 7o Ik Fo) A.»a- S €S ./-'.- & G d =

Back-propagation

croscn W BI‘. . ' .'.. ' .. ... -
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TR A® RENR 2R '\ g a‘-"-.; R AR F N Y
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. n . . " : — | INTESA SNNPAOLO
[1] Adebayo, Julius, et al. "Sanity checks for saliency maps." Neurips 2018. ] TN EC N TR,




Towards where are we randomizing? [1]

Cascading randomization

Original Image g e from top to bottom layers
) - « « «
: ] Piidd
— A o [ < 8| 8| 8. © 3| 3 8‘ 3 | ] | ) 2
£ig 3 ¢ ¥ ¥ ¥ ¥ ¥ 3 3 3z z § § § § &
x « & E 8 o o o
)y »= 1 Explanation of randomized e g i
= networks are similar to & go
3 \7..‘ . . ,:( N oy
.« . original ones -
| | e
Gradient Inp . . o - =
Guided a ‘ | e s
Back- p:;pagation T {A‘:‘?
ww"rllﬂl-.l'lO'...l
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[1] Adebayo, Julius, et al. "Sanity checks for saliency maps." Neurips 2018. Pl 0w N CERTTR,




Towards where are we randomizing? [1]

Cascading randomization

Original Image g 4 from top to bottom layers
5 - B 2 = 3 & ¥
g4 e & & & 3 8 & & B & 8 % 8 8§ § =
§:i2 3 ¥ 2 3 ¥ % ¥ T 3 % ¢V 9 § 9 24 =

=+ Explanation of randomized
. hetworks are similar to
.. . original ones

. .- PPy

L - - Randomizing several layers
. ..« does not cause much effect
" on some xai methods

[1] Adebayo, Julius, et al. "Sanity checks for saliency maps." Neurips 2018. [ e o

Guided GradCA

Integrated Gradients



x Standard xai methods are more
INnput-dependent than model dependent
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Which class are we explaining? [3]

[3] Rudin, Cynthia. "Stop explaining black box machine learning models ..."
Nature machine intelligence (2019)
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Which class are we explaining? [3]

“Siberian Husky” “Transverse Flute”

[3] Rudin, Cynthia. "Stop explaining black box machine learning models ..."
Nature machine intelligence (2019)
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Why XAl explanations are difficult to
understand?
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Why XAl explanations are difficult to
understand?

“Showing where a network is looking
does not tell us what the network is seeing
INn a given input” [3, 4]

[3] Rudin, Cynthia. "Stop explaining black box machine learning models ..."” Nature machine
inteligence (2019)
[4] Achtibat, Reduan, et al. "From attribution maps to human-understandable explanations”

Nature machine intelligence (2023)
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Standard users may not understand standard XAl

explanations
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CONCEPT-BASED XAl
(V)

POETA, ELEONORA, ET AL. "CONCEPT-BASED EXPLAINABLE ARTIFICIAL INTELLIGENCE: A SURVEY",
ACM COMPUTING SURVEYS (2025)
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APPLE

PREDICTION
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APPLE

PREDICTION

WHY?

=)
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WHAT IS
2
THIS? WHY: HOIEIND \/

@
* RED v
m) e W B oo X

PREDICTION e ocow K

CONCEPT-BASED
EXPLANATION
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Some Definitions
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What is a Concept?
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What is a Concept?

“A concept can be any absiraction,
such as a colour, an object, or even
an idea”[9]

[?] Molnar, Christoph. “Interpretable machine leaming”. (2020)
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What is a Concept?

“A concept can be any abstraction,
such as a colour, an object, or even
an idea”[9]

[?] Molnar, Christoph. “Interpretable machine learmning”. (2020)
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Let’s try to be more concrete...
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Different types of concepts

Symbolic Concepts

Human-defined attributes

“B EAK”
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Different types of concepts

Symbolic Concepts
Human-defined attributes
Unsupervised Concept Basis

Cluster of similar samples

“BEAK”
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Different types of concepts

Symbolic Concepts
Human-defined attributes
Unsupervised Concept Basis
Cluster of similar samples
Prototypes

(Part-of) a training sample

“BEAK’
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Different types of concepts

Symbolic Concepts
Human-defined attributes
Unsupervised Concept Basis
Cluster of similar samples
Prototypes
(Part-of) a training sample
Textual Concepts
Textual representation of a

main class

“B EAK”
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Different types of concepts

g Symbolic Concepts

_ Human-defined attributes

/ Unsupervised Concept Basis
Cluster of similar samples

Prototypes

\_ (Part-of) a training sample

\

Textual Concepts
Textual representation of a

main class

REQUIRES FURTHER

N ANNOTATIONS

“BEAK’

CAN BE EXTRACTED
FROM THE DATA
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What is a Concept-based Explanation?
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Different Types of Explanations too!

1. Class-Concept Relations

Relation among a concept and Beak — Parrot
an output class of a model
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Different Types of Explanations too!

1. Class-Concept Relations

Relation among a concept and Beak — Parrot
an output class of a model

2. Node-Concept Association

Explicit association of a concept .‘7 Beak

with a hidden node of the network
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Different Types of Explanations too!

1. Class-Concept Relations

Relation among a concept and Beak — Parrot

an output class of a model

2. Node-Concept Association

Explicit association of a concept .‘7 Beak

with a hidden node of the network

3. Concept-Visualization

Visualization of a learnt concepft in .—>?£.

terms of the input features
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Post-hoc or Explainable-by-design?
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Post-hoc Concept-Based Explanations

tail (6.60%)

hedge (20.99%)

palm (7.57%)

Prediction: topiary garden CAM

brush (5.72%)  sculpture (5.17%)  sheep (4.53%)

Zhou, Boleli, et al. "Interpretable basis decomposition for visual explanation.” —— INTES4 S\NBAOLO
ECCV 2018. NN} INNOVATION CENTER




Explainable-by-design Concept-based Models

input x
concepts c
=
() | sclerosis
() | bone spurs task y
Regressor arthritis
grade (KLG)
) | narrow joint space
 S——
concepts ¢
o)
() | wing color

() | undertail color task y

Classifier
bird species

beak length

Koh, Pang W, et al. "Concept bottleneck models." ICML 2020. 7| INTESA SNNR4OLO
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INPUT

ADDITIONAL
KNOWLEDGE &3 Concept
%“ &

@ i Beak, Wing, @
;.‘2 Animal, Bird

Symbolic
1 Concept

/ / —} = ;
< [l %78
| Bl <
= Unsupervised
Concept Basis
Data Projection .
Concept Representation

EXPLAINED MODEL/
EXPLAINABLE-BY-DESIGN MODEL

Beak

| Prototype
Concept

—

Parrot

Model Prediction

Class-Concept
Relation
Beak — Parrot
Node-Concept
Association
@ — Beak

Concept
Visualization

o

Explanations

OUTPUT
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How do i choose a
C-XAl method?
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Concept-based

Explainability

e

Post-hoc

Explanation Method

(Section 4)

Can I modify the model?

\V Yes

Explainable-by-
design Model

(Section 5)
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Concept-based

Explainahili:t}r

No Can I modify the model?

Post-hoc

Explainable-by-
Explanation Method design Model

{Section 4) Do I have (Section 5) Do I have

annolated concepts? annotated concepls?

Create them!

Supervised Unsupervised Sup. + Unsup. Generative

Supervised Unsupervised

(Section 4.1) (Section 4.2) (Section 5.1) (Section 5.2) (Section 5.3) (Section 5.4)

— | INTESA SANPAOLO
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Concept- based

E.tplain.‘ihili:t}r

Can I modify the model?

Post-hoc
on Method

Explainable-by-
design Model
Do I have Eereiag) Do I have
annotated concepts? annotated concepls?

Create them!

Supervised Unsupervised Sup. + Unsup. Generative
(Section 5.1) (Section 5.2) (Section 5.3) (Section 5.4)

Supervised Unsupervised
(Section 4.1) (Section 4.2)

To provide which
explanation?

O the same
task dataset?

No

Which kind of
unsupervised concepis?

Joint Concept Prototypes- Concepl
Training Instillation based Basis
{Section 5.1.1) (Section 5.1.2) (Section 5.2.1) (Section 5.2.2)

Node-Concept
Association
(Section 4.1.2)




Concept- based

E.tplain.‘ihili:t}r

Can I modify the model?

Post-hoc
on Method

Explainable-by-
design Model
Do I have Eereiag) Do I have
annotated concepts? annotated concepls?

Create them!

Supervised Unsupervised Sup. + Unsup. Generative
(Section 5.1) (Section 5.2) (Section 5.3) (Section 5.4)

Supervised Unsupervised
(Section 4.1) (Section 4.2)

To provide which
explanation?

O the same
task dataset?

No

Which kind of
unsupervised concepis?

Joint Concept Prototypes- Concepl
Training Instillation based Basis
{Section 5.1.1) (Section 5.1.2) (Section 5.2.1) (Section 5.2.2)

Node-Concept
Association
(Section 4.1.2)




Supervised Post-hoc Providing Class-
Cuncept_ Concept-based Conce thelatiDn
Annotation Explanation Methods P

Beak

ADDITIONALKNOWLEDGE Class-Concept
- Relation

t/| i Beak: 0.8
% “?‘ - : Explanation
Data Projection § OUTPUT

Partot Concept Representation

INPUT EXPLAINED MODEL

E.g.. Kim, Been, et al. "Interpretability beyond feature attribution: Quantitative
testing with concept activation vectors (tcav)." International conference on Pl 0w N CERTTR,
machine learmina. (2018).




Concept- based

E.tplain.‘ihili:t}r

Can I modify the model?

Post-hoc
on Method

Explainable-by-
design Model
Do I have Eereiag) Do I have
annotated concepts? annotated concepls?

Create them!

Supervised Unsupervised Sup. + Unsup. Generative
(Section 5.1) (Section 5.2) (Section 5.3) (Section 5.4)

Supervised Unsupervised
(Section 4.1) (Section 4.2)

To provide which
explanation?

O the same
task dataset?

No

Which kind of
unsupervised concepis?

Joint Concept Prototypes- Concepl
Training Instillation based Basis
{Section 5.1.1) (Section 5.1.2) (Section 5.2.1) (Section 5.2.2)

Node-Concept
Association
(Section 4.1.2)




Supervised Post-hoc Providing Node-

Concept Association

Concept-based
Explanation Methods

Concept // —
Annotation . _ Node-Concept
E— l l . N - Association
' 1 i ® [ Beak
Ll X p== ® mm |
Beak = Explanation
€a
acti OUTPUT
ADDITIONAL Data Projection Concept Representation

KNOWLEDGE
EXPLAINED MODEL

E.g., Bau, David, et al. "Network dissection: Quantifying interpretability of deep visual

representations." CVPR. 2017 1] INNOVATION CENTER




Concept- based

E.tplain.‘ihili:t}r

No Can I modify the model?

Post-hoc
on Method

Explainable-by-
design Model
Do I have Eereiag) Do I have
annotated concepts? annotated concepls?

Yes Create them!

Supervised Unsupervised Sup. + Unsup. Generative
(Section 5.1) (Section 5.2) (Section 5.3) (Section 5.4)

Supervised

Unsupervised
(Section 4.1)

(Section 4.2)

To provide wiich
explanations

O the same
task dataset?

No

Which kind of
unsupervised concepis?

Joint Concept Prototypes- Concepl
Training Instillation based Basis
{Section 5.1.1) (Section 5.1.2) (Section 5.2.1) (Section 5.2.2)

Node-Concept
Association
(Section 4.1.2)




Unsupervised Post- .
P Providing Class-

Concept Relations

hoc Concept-based
Explanation Methods

: it G
57 T@
'ﬁ"i \ @ N @‘« fﬁ/ﬁ Parrot * %

g‘% ﬁ ‘ - { » a Cp - Parrot: 10.8
=t gz | ad . K-

Class-Concept
Relation

e - Explanation
INPUT N
PRE-PROCESSED Data Projection Concept OUTPUT
INPUT Representation

EXPLAINED MODEL

E.g., Ghorbani, Amirata, et al. "Towards automatic concept-based explanations." NeurlPS
INTESA SNNPAOLO
(2019). NNN| INNOVATION CENTER




Concept- based

E.tplain.‘ihili:t}r

Can I modify the model?

Post-hoc
on Method

Explainable-by-
design Model
Do I have Eereiag) Do I have
annotated concepts? annotated concepls?

Create them!

Supervised Unsupervised Sup. + Unsup. Generative
(Section 5.1) (Section 5.2) (Section 5.3) (Section 5.4)

Supervised Unsupervised
(Section 4.1) (Section 4.2)

To provide which
explanation?

O the same
task dataset?

Which kind of
unsupervised concepis?

Joint Concept Prototypes- Concepl
Training Instillation based Basis
{Section 5.1.1) (Section 5.1.2) (Section 5.2.1) (Section 5.2.2)

Node-Concept
Association
(Section 4.1.2)




Supervised Concept- Jointly Training Output
based Models Classes and Concepts
Symbolic
Concept R Feather ~ Beak
/"'f'

Annotation 1 L Parrot
0.z

Class: Parrot = Il ,/

Concepts: Feather, I

Beak, Foot, Muzzle Data Projection Foot Muzzle .

Concept Representation

INPUT with EXPLAINABLE-BY-DESIGN MODEL
ADDITIONAL
KNOWLEDGE

E.g., Koh, Pang Wei, et al. "Concept bottleneck models." ICML (2020)

-

Parrot

Model Prediction

Class-Concept
Relation

Parrot:

0.9 Beak,
0.8 Feather,
0.7 Foot,
-0.4 Muzzle

Explanations

OUTPUT
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Concept- based

E.tplain.‘ihili:t}r

Can I modify the model?

Post-hoc Explainable-by-
on Method design Model
Do I have Eereiag) Do I have
annotated concepts? annotated concepls?

Yes Create them!

Supervised Unsupervised Supervised Unsupervised Sup. + Unsup. Generative
(Section 4.1) (Section 4.2) (Section 5.1) (Section 5.2) (Section 5.3) (Section 5.4)

To provide which
explanation?

O the same
task dataset?

Which kind of
unsupervised concepis?

Node-Concept Joint Concept Prototypes- Concepl
Association Training Instillation based Basis
(Section 4.1.2) (Section 5.1.1) (Section 5.1.2) (Section 5.2.1) (Section 5.2.2)




Supervised Concept-
based Models

Symbolic o

Concept
Annotation

Instilling Concept after
Network Training

B

Concepts
—— il ‘23; Parrot
[ Mw 1w
m l‘ A ‘ ,,fé’;ak[ﬂ l Model Prediction
Beak -
Class-Concept
- Relation
ADDITIONALKNOWLEDGE 0 > Beak .
rr
f,xz*’"f’f/ ' o232 Parrot:
“’i‘i \ . @ O 0.9 Beak
— @
& % - Data Projection ' d O Explanations
. OUTPUT
Parrot Concept Representation
INPUT EXPLAINABLE-BY-DESIGN MODEL

E.g.. Chen, Zhi, et al. "Concept whitening for interpretable image recognition." Nature Machine

Intelligence (2020).

INTESA SNNPAOLO
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Concept- based

E.tplain.‘ihili:t}r

Can I modify the model?

Post-hoc
on Method

Explainable-by-
design Model
Do I have Eereiag) Do I have
annotated concepts? annotated concepls?

Create them!

Supervised Unsupervised Sup. + Unsup. Generative
(Section 5.1) (Section 5.2) (Section 5.3) (Section 5.4)

Supervised Unsupervised
(Section 4.1) (Section 4.2)

To provide which
explanation?

O the same
task dataset?

No

Which kind of
unsupervised concepis?

Joint Concept Prototypes- Concepl
Training Instillation based Basis
{Section 5.1.1) (Section 5.1.2) (Section 5.2.1) (Section 5.2.2)

Node-Concept
Association
(Section 4.1.2)




Unsupervised Concept- Employing Prototype
based Models Concepts

Parrot

Model Prediction

Class-Concept
Relation

- Parrot:
08 M,
07 &,

06 &,

02 &

Explanations

Class: Parrot

INPUT Data Projection

Concept Representation
EXPLAINABLE-BY-DESIGN MODEL

OUTPUT

E.g.. Chen, Chaofan, et al. "This looks like that: deep learning for interpretable image

recognition." Neurips 2019. 1] INNOVATION CENTER




Concept- based

E.tplain.‘ihili:t}r

Can I modify the model?

Post-hoc
on Method

Explainable-by-
design Model
Do I have Eereiag) Do I have
annotated concepts? annotated concepls?

Create them!

Supervised Unsupervised Sup. + Unsup. Generative
(Section 5.1) (Section 5.2) (Section 5.3) (Section 5.4)

Supervised Unsupervised
(Section 4.1) (Section 4.2)

To provide which
explanation?

O the same
task dataset?

No

Which kind of
unsupervised concepis?

Joint Concept Prototypes- Concepl
Training Instillation based Basis
{Section 5.1.1) (Section 5.1.2) (Section 5.2.1) (Section 5.2.2)

Node-Concept
Association
(Section 4.1.2)




| Employing Unsupervised
Concepts Basis

1|
=il

.. ‘\ Parrot
@) L./ - Panot

75
O £

."‘ < S \
Class: Parrot B - A J’/ T A {_\w

Unsupervised Concept-
based Models
Unsupervised
Concept Basis

Parrot

Model Prediction

Class-Concept
Relation

W &t 0.7 LQ . ‘
NPUT Data Projection bl S : S
Concept Representation Explanations
EXPLAINABLE-BY-DESIGN MODEL OUTPUT
Alvarez Melis, David, and Tommi Jaakkola. "Towards robust interpretability with —— INTESA SNNBAOLO

self-explaining neural networks." Neurips 2018. M7} INNOVATION CENTER



Concept- based

E.tplain.‘ihili:t}r

Can I modify the model?

Post-hoc
on Method

Explainable-by-
design Model
Do I have Eereiag) Do I have
annotated concepts? annotated concepls?

Credie them! Y

Supervised Unsupervised Sup. + Unsup. Generative

(Section 5.1) (Section 5.2) (Section 5.3)

Supervised Unsupervised
(Section 4.1) (Section 4.2)

(Section 5.4)

To provide which
explanation?

On the same Which kind of

task dataset? unsupervised concepts?

No

Joint Concept Prototypes- Concepl
Training Instillation based Basis
{Section 5.1.1) (Section 5.1.2) (Section 5.2.1) (Section 5.2.2)

Node-Concept
Association
(Section 4.1.2)




INPUT

ADDITIONAL
KNOWLEDGE C] Parrot
. Model Prediction
Generative
Concept-based Class-Concept
Models l Relation

Parrot:
0.8 “A bird”
0.6 “Medium
size”

- Concept
Visualization

Explanations

Parrot

=
Bo

N\
ole

RRY?

I

Data Projection
el Concept Representation

EXPLAINABLE-BY-DESIGN MODEL OuUTPUT

Yang, Yue, et al. "Language in a bottle: Language model guided concept bottlenecks for
INTESA SNNPAOLO

interpretable image classification." IEEE CVPR 2023. NNN| INNOVATION CENTER.




Let’s see how CBMs work
more in details...
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CONCEPT BOTTLENECK MODELS
(CBMs)

Koh, Pang Wei, et al. "Concept bottleneck models." ICML 2020.



CBMs Explicitly Represents Concepts
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CBMs Explicitly Represents Concepts

p-

CONCEPT
ENCODER

=)

. ROUND

. SQUARED
3K cow

J
v

X
X

CONCEP]

nnN
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CBMs Explicitly Represents Concepts

LABEL
PREDICTOR

ROUND J

o )  APPLE
SQUARED x
COLD x

CONCEPTS — st swpiono

NNN] INNOVATION CENTER

‘ CONCEPT

ENCODER
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e B




CBMs Allows Interactions!

. ROUND

. SQUARED
3K cow

X
v
v
X

CONCEP]

=

nnN
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CBMs Allows Interactions!

O%S@‘\?(Q

* RED
3K cow

. ROUN Kx

v

. SQUARED ¢

X

CONCEP]

S

®

- . DomaIN
T |
= — w EXPERT
a

» ‘DICE”

— | INTESA SANPAOLO
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CBMs Allows Interactions!

ROUND \/ <
RED \/
SQUARED x«
CoLD x

CONCEPTS — st swpiono

NNN] INNOVATION CENTER

“DICE” ¢

e B




CBMs Allows Interactions!

ROUND \/ E ) )

. v b L
SQUARED x«
CoLD x

CONCEPTS — st swpiono

NNN] INNOVATION CENTER
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CBMs Allows Interactions!

. o ~/< “APPLE"
* RED v

. SQUARED x«

K oom K

CONCEPTS = D

NNN] INNOVATION CENTER




Concept bottleneck models architecture

L

Label Predictor

Concept Encoder
g(x)
/i hy By )
] C
g g g -a Long beak
O Long tail
ralt g f-- : :
© | White chest
g g g O Black wings

W

et

i

LEGEND

o Hidden Activation
OCunwpl-aligncd Activation

Ol’.‘lulput losgit
[ Trainable & differentiahle model

Bird Type

INTESA SNNPAOLO
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Concept bottleneck models are not the solution

POOR TRADE-OFFS

STRUGGLE TO COMPROMISE BETWEEN
ACCURACY AND EXPLAINABILITY

Task Accuracy (%)

8

90

&0

Accuracy-Explainability
Trade-Off

ho -Cili:x\ '*'

CBM Fuzry
[Hich #4 al )

50 60 70 80 90 100
Concept Alignment (%)

nnN

INTESA SNNPAOLO
INNOVATION CENTER



Concept bottleneck models are not the solution

POOR TRADE-OFFS

STRUGGLE TO COMPROMISE BETWEEN
ACCURACY AND EXPLAINABILITY

Task Accuracy (%)

100

o
]

&0

Accuracy-Explainability
Trade-Off

Mo \.1:-'.-. *

CBM Fuzry
[Hich #4 al )

50 60 70 80 90 100
Concept Alignment (%)

Low CONCEPT EFFICIENCY

CBMs DO NOT SCALE IN REAL-WORLD

Task Accuracy ()

CONDITIONS

B ¥ &8 B8 o 8
]

o L]

i1 1] X & w0 Lo ]

Concepts Used In Training (%)

CEM Concapt Efficiency (CUB)

L

0

nnN
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CONCEPT EMBEDDING MODELS
(CEM)

ESPINOSA ZARLENGA, MATEO, ET AL. "CONCEPT EMBEDDING MODELS: BEYOND THE ACCURACY-
EXPLAINABILITY TRADE-OFF." ADVANCES IN NEURAL INFORMATION PROCESSING (2022).



Solution: Concept Embedding Models
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Solution: Concept Embedding Models

Input Latent Code

X h
Z > () > -

! l)

J I_‘)

— | INTESA SNNPAOLO
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Solution: Concept Embedding Models

Input Latent Code Embedding Generators
Taal
X e
) o Pl am |® =
(_:\) : B A
> Pp(x) >—
() ; A emmmg
S ) R
t ol
. S
. e —
E
g9(x)
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Solution: Concept Embedding Models

Input Latent Code Embedding Generators

s |7 8 : X
i h ol e
N S 1 B cl a f \—

:‘3,-\‘_: I f-)~ ¢l (h) é."i m :

7 (x)

> (%) “

(’) ' -4 amany

) ¥ e |8 : %

F (0} o\
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Solution: Concept Embedding Models

; Label
Input ImetCode Fi llfb—eti(fll—)g_ (k}t“znael:a“t(tr? ————— Bottleneck Peadictor
Yaa
X h ! i i
5 P aib) : R
|y | e .
—> X W, - : ~ 2
\ ) @ | sim) | 2
! = —T
L s s ey e Ao mena AN e s

L ] LLNIN\ VAW INJLN LN
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CEM Advantages

— | INTESA SNNPAOLO
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CEM Advantages

Accuracy-Explainability

Trade-Off
% T i o*
E a0 |J-';m-.‘.-p-.T-:T|!.,n} OURS
)
g 8o
5 70
L]
< 6o
ﬁ '.'.E-:I!'\.'F.u.}-
|E_U 50 l.m"-:cﬂj_

50 60 7O B0 90 100
Concept Alignment (%)

BEYOND TRADE-OFFS

CEMS OVERCOME THE CURRENT
ACCURACY-EXPLAINABILITY TRADE-
OFF

— | INTESA SNNPAOLO
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CEM Advantages

100
ad

70
G0

Task Accuracy (%)

BEYOND TRADE-OFFS

CEMS OVERCOME THE CURRENT
ACCURACY-EXPLAINABILITY TRADE-

Accuracy-Explainability

Trade-Off
Ho cogrepts *
Eﬁ_ CHM Hybead (_} 1
[PekarPapeed el ad ) CURS

CEM Fuzzy
(o ot )
™1 s

50 60 7O B0 90 100
Concept Alignment (%)

OFF

CUB Concepl Ethciency

LV x b i X S 0
Cosnecinplts Utsaed b Tradning (%)

& Bopl-CEM - Fuzzy-CEM Hyhnd-CBM & CEM (gurs)

HIGH CONCEPT EFFICIENCY

CEMS SCALE TO REAL-WORLD
CONDITIONS WHERE CONCEPT
SUPERVISIONS ARE SCARCE

n

3
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CEM Advantages

Accuracy-Explainability

Trade-Off
100 ocogeepes oK

) Qﬁ CHM Hybead Y 1
& ad (Pekarbupt et ad ) CURS
)
@ a0
§ 70
< 60
w TE:;.,F'-“I:-?;
& w0 ¢

50 80 VO BO 90 100

Concept Alignment (%)

BEYOND TRADE-OFFS

CEMS OVERCOME THE CURRENT
ACCURACY-EXPLAINABILITY TRADE-
OFF

& Bopl-CEM -

CUB Concepl Ethciency

L1 0

" &
Conoopis Lisad bn T

aining ()

FUZzy-CEM Hyhrid-CEM ® CEM [ours)

HIGH CONCEPT EFFICIENCY

CEMS SCALE TO REAL-WORLD
CONDITIONS WHERE CONCEPT
SUPERVISIONS ARE SCARCE

Interventions on CUB

e BoolCam s Ry CBM Hybnd-CBM X CEM (ouwrs)

EFFECTIVE INTERVENTIONS

CEMS ARE RESPONSIVE TO
CONCEPT INTERVENTIONS

INTESA SNNPAOLO
INNOVATION CENTER
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Have we lost something?

— | INTESA SNNPAOLO
NNN] INNOVATION CENTER




Have we lost something?

Interpretability

CBM: INTERPRETABLE

LEGENT

O Hidden Activation

(O Comorpe-aligned Activation

(O hutpun logie

[ Trainabie & dif Terentiahle model

nnN
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Have we lost something?

Interpretability

CBM: INTERPRETABLE

Label Predictor

Bird Tyvpe

LEGEND
O Hidden Activation
O Concepe-aligned Activation
(O hutpun logie
[ Trainabie & differentiable model

CEM: NON-INTERPRETABLE

. Label
.o R pottleneek " predictor
: G ' 'oa
; o — 9 ¢
- i CHIER
‘ é) £ 0] b, B
) s._'_z =N 3
x
U L |
- i ] £(2) by
' ‘t P x -
| G (2] FEL LI ;
¢, (b) g_:l =53 ‘ e
Y '
__________________________ J
&
g9(x)

— | INTESA SANPAOLO
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Have we lost something?

Interpretability

CBM: INTERPRETABLE CEM: NON-INTERPRETABLE

Bird Type éyel]ﬂw —_ [23; 0.3, —35, .o ]T

LEGENT

O Hidden Activation

(O Comorpe-aligned Activation

(O hutpun logie

[ Trainabie & dif Terentiahle model

— | INTESA SNNPAOLO
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Can we create an Interpretable Model over CE?

ROUND \/ CONCEPT
PREDICTOR
w

ROUND & RED
SQUARED x » — APPLE
COLD x

CONCEPTS

‘ CONCEPT

ENCODER

=)

YH*0

— | INTESA SNNPAOLO
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DEep CONCEPT REASONER
(DCR)

BARBIERO, PIETRO, ET AL. "INTERPRETABLE NEURAL-SYMBOLIC CONCEPT REASONING."
INTERNATIONAL CONFERENCE ON MACHINE LEARNING (2023).



DEEP CONCEPT REASONER
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DEEP CONCEPT REASONER

w W G

— | INTESA SANPAOLO
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DEEP CONCEPT REASONER

“RED”

YappLe — Crep A ~Csquarep

Ol

|

|

RULE
GENERATOR

.. “‘SQUARED”

1.

GENERATES
SYNTACTIC RULES
WITH CONCEPT
EMBEDDINGS

— | INTESA SANPAOLO
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DEEP CONCEPT REASONER

TASK “APPLE”
E I. GENERATES
t SYNTACTIC RULES
min(0.8,1-0.1) WITH CONCEPT
' EMBEDDINGS
[ EXE[({:llJJEI‘ElON }(- Yappie — Crep A ~Csquarep
1 . EXECUTES RULES
RULE SYMBOLICALLY
[GENERATOR} WITH CONCEPT
TRUTH VALUES

— | INTESA SANPAOLO
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DEEP CONCEPT REASONER

TASK “APPLE"

&
1

min(©.8,1-0.1)
I

RULE y A C
EXECUTION APPLE <= ~RED SQUARED

|

RULE
GENERATOR

“RED” ﬂ . : .. “‘SQUARED”

F1GVIINTHTHHAd ANT-OL-ANT

GENERATES
SYNTACTIC RULES
WITH CONCEPT
EMBEDDINGS

EXECUTES RULES
SYMBOLICALLY
WITH CONCEPT
TRUTH VALUES
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DEEP CONCEPT REASONER

TASK “APPLE"

a NEURAL MODULE

min(©.8,1-0.1)

[ RULE

SYMBOLIC
MODULE

YappLe — Crep A ~Csquarep

RULE
GENERATOR

EXECUTION

F1GVIINTHTHHAd ANT-OL-ANT

GENERATES
SYNTACTIC RULES
WITH CONCEPT
EMBEDDINGS

EXECUTES RULES
SYMBOLICALLY
WITH CONCEPT
TRUTH VALUES

nnN

INTESA SNNPAOLO
INNOVATION CENTER



Deep Concept Reasoner (DCR)

~
e
w)

b

Ix)
Concept
Encoder

CONCEPTS
[7¢]
2
> -
=
O

e L
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Deep Concept Reasoner (DCR)

RED RELEVANCE
D _l" &
o g ROLE Vo=
_ 4 > P — 4
g9(x) g '
Concept ” S | SQUARED
Encoder 8
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Deep Concept Reasoner (DCR)

RED Deep Concept Reasoner

wy I

I-h |
glx) & * .
'ﬁ"i;;;_;i“" 8 Souaren - RED & ~SQUARED
Encoder % @ : . ‘e : : —> APPLE

U . 1 H ‘}II,.I i
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Does DCR Generalize Well?

nnN

INTESA SNNPAOLO
INNOVATION CENTER



Does DCR Generalize Well?

Task AUC (%)
22 3888

N 70

‘ 60

sekd ~ InEm 5% é
no yes no

Interpretable

INTESA SNNPAOLO

XOR Trigonometry Dot Mutagenicity i CelebA (shifted)
BEEDE 100 Sl ]
K X P> ) { %
X K ' 80
:
i XA KK 70 ; KK i .
yes no yes ' no yes . no yes -
Interpretable Interpretable Interpretable Interpretable
= CE+DCR (ours) N T+ Logstic Regression W CT+XGBoost P2 CE+Logistic Regression -3 CE+XGBoost
mm CT 4 Decision Tree mm CT+ReluNet CE+Decision Tree CE+ReluNet
nnN
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Does DCR Generalize Well?

Task AUC (%)
22 3888

DIFFERENT SET OF

TEST CONCEPTS!

|

-~

, CelebA (shifted)

yes no

~

Interpretable /

XOR Trigonometry Dot Mutagenicity
B s . 100 Sl ]
K X P> ) { %
X K ' 80
80 o BT
if:.: A S 7-'i> I Ne 60
4 70 (2 kP
i .\:\'.: : ¢ x J / 3 :-::, \ 50
yes no yes ' no yes . no yes i no
Interpretable Interpretable Interpretable Interpretable
= CE+DCR (ours) N T+ Logstic Regression W CT+XGBoost P2 CE+Logistic Regression -3 CE+XGBoost
mm CT 4 Decision Tree mm CT+ReluNet CE+Decision Tree CE+ReluNet
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Are DCR Rules Semantically Meaningful?
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Are DCR Rules Semantically Meaningful?

GROUND-TRUTH RULE PREDICTED RULE ERROR (%)
XOR
Yo ¢ —ecp N ey Yo — —ep N ey 0.00 + 0.00
Yo < cp N1 Yo < co Ny 0.00 4+ 0.00
Y1 & cp Ny Y1 — cp Ny 0.02 £+ 0.02
Y1 — ¢p N\ ey Y1 — ¢ N\ e 0.01 = 0.01
Trigonometry
Yo ¢ —cp A ey A e Yo — —ep A ey A eo 0.00 += 0.00
Y1 < co Aep Acs Y1 < co Aep Aco 0.00 £ 0.00
MNIST-Addition
Y18 < Cq A Co Y18 4 o A Co 0.00 % 0.00
Y17 < Co A CY Y17 + CcH A €Y 0.00 &= 0.00
Y17 ¢ €g A cg Y17 + €y A cg 0.00 £ 0.00
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Are rules Stable under perturbation?

XOR Trigonometry
0.2
§ 1.0 Y=
= #i T
205 : /
(3]
wn
0.0 0.0 —=——
0.0 0.2 0.4 00 01 02 03 04
Perturbation Radius Perturbation Radius
Dot Mutagenicity
2 - —
5 0.5 : [ /,/
v
g > -
w o
0.0 0
0.0 0.2 0.4 0.0 0.2 0.4
Perturbation Radius Perturbation Radius
e CE+DCR (ours) === CT+Relu Net === CT+XGBoost+LIME | INTESA SANEAOIO
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NEW WORKS



DCR rules now have global validity with the
“Rulebook”

(A) concepts
(E)

RST .
8].1]1.0 .'—bred=l.square=ﬂ.table=ﬂ _.[lﬂgl(:a] 2L apple=1
p(ylc, )
RST
g ‘
2]1.8].0 —b.—o apple « red A —square
2 Bl decoded rule
RULEBOOK (D)
€1
€2

\ “rule embedding” (C)

= latent repr. of a rule

n _ n INTESA SNNPAOLO
DEBOT, DAVID, ET AL. "INTERPRETABLE CONCEPT-BASED MEMORY REASONING." NEURIPS 2024. |17 SRE i o SR




Relational Concept Bottleneck Models

X s ¥ embeddings f Y
atom encoder atom predictor o
input predictions
) O = {{u/Willie}}
bt —
T N Sus | ¥y US(Willie)
f US(Bart)
\ Spa ¥ parent(Willie, Bart) .
Y Gl@—» US(Bart)
W . entity Nemm )
: |43" g S5 N Sus } US(Homer)
(“—;’" f US(Bart)
. / Spn » parent( Homer, Bart)
Se — Te= {H{u/Homer}}
3 |
' N(US(v)) = [US(u), parent(u, v)]
relational concept bottleneck
INTESA SNNPAOLO

BARBIERO, PIETRO, ET AL. "RELATIONAL CONCEPT BOTTLENECK MODELS." NEURIPS 2024.
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So far we have only studied logic rules...

BUT THERE ARE MANY MORE

A
FUNCTIONAL FORMS STILL oo l- DCR ... LICEM ___INTRACTABLE \
SENN INTERPRETABILITY
UNCHARTED. 2 | '
Q
Q.
VARYING: X Lin-M-CBE L
) o
° .- UNCHARTED =
THE NUMBER OF EXPERTS 5 - INCHARTED [
® FUNCTIONAL FORMS g
£ SIMPLE Sym-M-CBE
-
FIND: = ,
- LEN -==== CBM ===+ mmmmmmmmmmeeeee e e ‘
® THE OPTIMAL ACCURACY-

Simple Linear  User-defined Over-parameterized

INTERPRETABILITY TRADE-OFF G Gibispaos MLP

INTESA SNNPAOLO
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Let’s generate any Equations!

e
f a [0, &, v) = Linear equation % W= {+ ®, co8, |- ]?}

Sample 1 Selector ——| i -z +Ta- v+ B+t f1 d’u'iu!"'Uﬁﬂ!
An object is launched with an initial speed = — = B
of 10 m/'s, at an angle of 45°. Find its h ﬂ,, ru + ﬂ'n Lu ﬂ,; ,-:: E«_; ¥ i f1 : o + vy cos(B) - ¢
horizontal position after 1 second. 2 i = —— ~
h Ell i’u + I5":|2 lu ﬁ'a: ﬁ I5":|.+.'f
SilT'IIEJ]L' o '\E e —
An object starts with an initial speed of 5 m/s and ¥ i
acceleration of 2 m/s® along an horizontal path. Concept Encoder ( _ m _ m
Find its position after 3 seconds ) y="012-15+8,;5- 1 + 014 y=15- "—'ﬂ-‘g{q}
+ LY
™
rp=0,v4=15,8= —,¢ :]_] T T

4" |

DYNAMIC SELECTION — SELECTOR  USER ADAPTATION — EACH EXPERT SET FLEXIBLE FORMS — SUPPORTS BOTH
ROUTES INPUTS TO SPECIALIZED OF OPERATORS IS DEFINED BY THE USER  DISCRETE CLASSIFICATION AND
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OTHER WORKS



Al4Voice: Non-invasive voice disorder analysis

TRANSFORMERS REACH HIGH ACCURACY
WITHOUT PERFORMING INVASIVE ANALYSIS

Koudounas, Alkis, et al. "Voice Disorder Analysis: a Transformer-
based Approach."INTERSPEECH. ISCA, 2024.
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CONCLUSIONS



Why Concept-based Explanations?
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Why Concept-based Explanations?

1. They better resemble the way humans reason and

explain [5]

[5] Kim, Sunnie SY, et al. "Help Me Help the Al [...]" (2023)
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Why Concept-based Explanations?

1. They better resemble the way humans reason and

explain [5]

2. They are more stable under perturbbation [6]

[5] Kim, Sunnie SY, et al. "Help Me Help the Al [...]" (2023)
[6] Alvarez Melis, et al. "Towards robust interpretability with SENN." (2018)
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Why Concept-based Explanations?

1. They better resemble the way humans reason and

explain [5]
2. They are more stable under perturbbation [6]
3. They better detect model biases [/]
[5] Kim, Sunnie SY, et al. "Help Me Help the Al [...]" (2023)

[6] Alvarez Melis, et al. "Towards robust interpretability with SENN." (2018)
[7] Jain, Rishabh, et al. "Extending Logic Explained Networks to Text." (2022)
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Why Concept-based Explanations?

1. They better resemble the way humans reason and

explain [5]
2. They are more stable under perturbbation [6]
3. They better detect model biases [/]
4. They allow creating more robust models [8]

[5] Kim, Sunnie SY, et al. "Help Me Help the Al [...]" (2023)

[6] Alvarez Melis, et al. "Towards robust interpretability with SENN." (2018)

[7] Jain, Rishabh, et al. "Extending Logic Explained Networks to Text." (2022)
[8] Ciravegna, Gabiriele, et al. "Logic explained networks." (2023)
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XAl is DEAD!
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XAl is DEAD!

Long Live C-XAlI!l

nnN

INTESA SNNPAOLO
INNOVATION CENTER



nnN

INTESA SNNPAOLO
INNOVATION CENTER



(Real) conclusions

XAl is good for model debugging

It shows experts where the network is looking
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(Real) conclusions

« XAlis good for model debugging
« It shows experts where the network is looking

« C-XAl dllows widening the audience
« Employs higher-level symbols instead of raw features
* Non-experts can understand the model decision process too
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(Real) conclusions (2)

Learning Concept highly enriches network interpretability &

interactivity
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(Real) conclusions (2)

Learning Concept highly enriches network interpretability &

interactivity

Concept Embedding avoids performance trade-offs
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(Real) conclusions (2)

Learning Concept highly enriches network interpretability &

interactivity

Concept Embedding avoids performance trade-offs

DCR/CMR allow interpretable task predictions
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Thanks for your attention!

Any question?
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Future work

1. Textual concepts could also be employed in post-hoc models

2. Improve counterfactual examples to assess model causality

3. Concept-based models could employ multi-modal representations

4. LLMs could be employed to create other type of concepts (not
necessarily textual) for other type of models (not necessarily vision)
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Applications

1. Generative Models

2. Out-of-Distributions Detectors
3. Medicine (E.g., CBM for X-RAY)
4. Education

5. Autonomous Drivinge
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