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Approach

“nothing can be believed
unless it is first understood”

Theory

° Definitions
° Research method

Introduction
[1] Pierre Abélard, Historia Calamitatum (1132).


https://www.thelatinlibrary.com/abelard/historia.html
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What is this course NOT about?

We will not have time to dive deep into:
1.  “Traditional” explainable AT (XAI) methodologies

(a) Original Image (c) Grad-CAM ‘Cat’ (d)Guided Grad-CAM ‘Cat’  (€) Occlusion map ‘Cat’ (f) ResNet Grad-CAM ‘Cat’

Example of GradCAM and other saliency methods (taken from [2])

[1] Ribeiro et al. ”Why should I trust you?” Explaining the predictions of any classifier." KDD (2016).

[2] Selvaraju et al. "Grad-cam: Visual explanations from deep networks via gradient-based localization." ICCV (2017). Introduction




What is this course NOT about?

We will not have time to dive deep into:
1.  “Traditional” explainable AT (XAI) methodologies

oy
Interpretable
Machine Learning

A Guide for Making
Black Box Models Explainable

®
i
x

e

Christoph Molnar

“Interpretable Machine Learning” Link to Book
Christoph Molnar

[1] Molnar. Interpretable machine learning. Lulu. com, 2020.

Introduction



What is this course NOT about?

We will not have time to dive deep into:
1.  “Traditional” explainable AT (XAI) methodologies
2. Deep philosophical aspects of explaining models

”Explanatzon Theory”
Bromberger (1992) [3]

“To Explain or to Predict?”
Shmueli (2018) [2]

“The Mythos of Interpretability”
Lipton (2018) [1]

[1] Lipton. "The mythos of model interpretability: In machine learning, the concept of interpretability is both important and slippery." Queue (2018).
[2] Shmueli. "To Explain or to Predict?." Statist. Sci. 25 (3) 289 - 310, August 2010. https://doi.org/10.1214/10-STS330
[3] Bromberger. On what we know we don't know: Explanation, theory, linguistics, and how questions shape them. University of Chicago Press, 1992.

Introduction



What is this course NOT about?

We will not have time to dive deep into:

1.  “Traditional” explainable AT (XAI) methodologies

2. Deep philosophical aspects of explaining models

3.  Post-hoc interpretability such as Mechanistic Interpretability

Windows (4b:237) YR ® positive (excitation)
excite the car detector ® negative (inhibition)

Car Body (4b:491)
excites the car

detector, especially at

Circuits

Taken from [1]

[1].Olah et al. "Zoom in: An introduction to circuits.” Distill 5.3 (2020): €00024-001.

Introduction



What is this course NOT about?

We will not have time to dive deep into:

1.  “Traditional” explainable AT (XAI) methodologies

2. Deep philosophical aspects of explaining models

3.  Post-hoc interpretability such as Mechanistic Interpretability

"
%
O,
R
é

O @LHE:

Distill Circuits Thread Anthropic Circuits Thread

[1] Cammarata et al. "Thread: circuits." Distill 5.3 (2020): e24. _
[2] Anthropic “Transformer Circuits Thread” found at https://transformer-circuits.pub/ Introduction
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I1I.

IV.

Course Outline

Interpretability theory Mon 2:00 pm - 3:30 pm

Blueprint for interpretable models Tue 2:00 pm - 3:30 pm

+ interpretability in PyTorch
Concept representations

Concept-based predictors

Introduction
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IV.

Course Outline

Interpretability theory

Blueprint for interpretable models
+ interpretability in PyTorch
Concept representations

Concept-based predictors

Wed 2:00 pm - 3:30 pm

Fri 2:00 pm - 3:30 pm

Introduction



Course Website and Materials

This course’s slides, schedule, and materials are all available at our website:

B

interpretabledeeplearning.github.io



Course Website and Materials

Throughout the course, watch for:
1. QR codes for relevant references and extra material

Concept Bottleneck Models (CBMs)
@¥ah
A Concept Bottleneck Model (CBM) [1] exploits this idea by assuming: \

QR code to
reference/extra
material

3. The downstream task can be perfectly predicted from C alone.

D +0

P(C,Y | X)=P(C|X)P(Y |C)

Citation + Hyperlink
(if you download slides)

Introduction



Course Website and Materials

Throughout the course, watch for:

1.
2. Code snippets showing example implementations in PyC

QR codes for relevant references and extra material

Blueprint for interpretable models

X 4 Y

Q
c
N A

Blueprint for interpretable models

CONCEPT BOTTLENECK MODEL

X 7 @ Y

PyC Code
Snippets

Introduction



Course Website and Materials

Throughout the course, watch for:

1. QR codes for relevant references and extra material

2. Code snippets showing example implementations in PyC
3. Discord channel for discussions (or just come & talk to us!)

=« ESSAI 2026 €U 0

ESSAI 2026 v &% # course-foundation M & 2\  SearchESSAI2026 Q

+

Welcome to #course-foundations-of-
concept-based-interpretable-deep-
learning!

This is the start of the #course-foundations-of-concept-based-interpretable-
deep-learning channel.

# welcome

5 July 2026

Introduction




Interpretability Theory Outline

[. Introduction to interpretability (~15 min)
II. The Standard Interpretable Model (~10 min)
ITII. Interpretability premises (~5 min)
IV. Interpretability symmetries (~10 min)
V. Interpretability constraints (~10 min)
Q&A + 5 min break
VI. Lagrangian of interpretable machine learning models (~5 min)
V. Trajectories towards interpretability (~10 min)
VI. Interpretable architectures (~10 min)

Final Q&A



Introduction to interpretability

2

Why do we need interpretability?

[

How is interpretability defined?



Why do we need interpretability in the first place?

“opaque” model

Highly parametric -

Complicated inference steps ~
Non-linearities Nt
Sensitive to initial states and update rules

input output

?

Introduction to interpretability



Why do we need interpretability in the first place?

“opaque” model

Highly parametric -

Complicated inference steps ~ input output

?

Non-linearities

Sensitive to initial states and update rules

1. Blindly using opaque models can lead to all sorts of problems

Wrongfully Accused
Why Amazon’s Automated Hiring by an Algorithm

In what may be the first known case of its kind, a faulty facial
recognition match led to a Michigan man’s arrest for a crime he
did not commit.

Tool Discriminated Against Women

[1] Kashmir Hill, “Wrongfully Accused by an Algorithm.” The New York Times (2020).
[2] Rachel Goodman, “Why Amazon’s Automated Hiring Tool Discriminated Against Women.” ACLU (2018).
[3] Will Douglas Heaven, “Predictive policing algorithms are racist. They need to be dismantled.” MIT Technology Review (2020).

Introduction to interpretability



https://www.nytimes.com/2020/06/24/technology/facial-recognition-arrest.html
https://www.aclu.org/news/womens-rights/why-amazons-automated-hiring-tool-discriminated-against
https://www.technologyreview.com/2020/07/17/1005396/predictive-policing-algorithms-racist-dismantled-machine-learning-bias-criminal-justice/

= ChatGPT

Creating in

G &

Create an image of a left-handed writer.

Gemini

Loading Nano Banana...

Ask Gemini 3

+ %

Create an image of a left-handed writer

Fast v ]
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Create an image of a left-handed writer.
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Create an image of a left-handed writer

Fast v 3



Why do we need interpretability in the first place?

“opaque” model

Highly parametric -

Complicated inference steps ~ input output
Non-linearities e
Sensitive to initial states and update rules *

1. Blindly using opaque models can lead to all sorts of problems

2. Regulatory/legal constraints:

General Data Protection Regulations (GDPR, 2016) EU Al Act (2024):

“The data subject shall have the right not to be subject to a “p reeied Biectt qecis Eerl
decision based solely on automated processing, including 7 ELIEE) PSSt SUfE e el bkl Sae 15

profiling,...” (Art. 22) taken by... a high-risk Al system ... shall have the
right to obtain from the deployer clear and meaningful
explanations (Art. 86)

The data subject has the right to “meaningful information about
the logic involved” in the decision. (Art. 13 and 15)

[1_.GDPR, EU. "Automated individual decision-making, including profiling." (2022).
[2] Act, EU Artificial Intelligence. "The EU Artificial Intelligence Act.” (2024).

Introduction to interpretability



https://gdpr-info.eu/art-22-gdpr/
https://artificialintelligenceact.eu/

Why do we need interpretability in the first place?

%>

1. Blindly using opaque models can lead to all sorts of problems

“opaque” model

Highly parametric
Complicated inference steps

2

Non-linearities

Sensitive to initial states and update rules

2. Regulatory/legal constraints
3. Human-Al interactions are enabled by understanding how a model reasons

Introduction to interpretability



But what does interpretability really mean?

Welcome to the Wild West of interpretability terminology

@-:f*z?sg
TRk
S

Freiesleben et al.
(2023) @%’Iﬁ-éfii%@

(2018)

Vilone et al.

1 (2021)
Gilpin et al. ®.57

(2018)

Confalonieri et al.
(2020)

Rudin et al.

(2019) Barredo Arrieta et al. Introduction to interpretability

(2020)



“A method is interpretable if a user can correctly and efficiently predict the method’s results” [1]
“Systems are interpretable if their operations can be understood by a human” [2]
“Interpretability is the degree to which an observer can understand the cause of a decision” [3]

“There is no universal, mathematical definition of interpretability, and there never will be” [4]

= 2

Informal Not actionable

Introduction to interpretability


https://papers.nips.cc/paper_files/paper/2016/hash/5680522b8e2bb01943234bce7bf84534-Abstract.html
https://www.cs.columbia.edu/~orb/papers/xai_survey_paper_2017.pdf
https://www.sciencedirect.com/science/article/pii/S0004370218305988
https://probml.github.io/pml-book/book2.html

The ultimate question of this lecture, machine learning and everything:

Introduction to interpretability
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The ultimate question of this lecture, machine learning and everything:
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The ultimate question of this lecture, machine learning and everything:

“That which is apprehended by
intelligence and reason is always
in the same state”

~400 BC
philosophy

Introduction to interpretability
[1] Plato, Timaeus.



https://toddtarantino.com/hum/timaeus.html

The ultimate question of this lecture, machine learning and everything:

“That which is apprehended by
intelligence and reason is always
in the same state”

~400 BC 1872

philosophy geometry

Introduction to interpretability



The ultimate question of this lecture, machine learning and everything:

Y

Introduction to interpretability



The ultimate question of this lecture, machine learning and everything:

x Y

(sign change) E
v

—Z

Y
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The ultimate question of this lecture, machine learning and everything:

f
z /
(sign charge) E ; p(g) =id
f

Y

Introduction to interpretability



The ultimate question of this lecture, machine learning and everything:

“That which is apprehended by
intelligence and reason is always
in the same state”

Standard Model of Elementary Particles
e o

~400 BC 1872 ‘900

philosophy geometry physics

Introduction to interpretability



The ultimate question of this lecture, machine learning and everything:

“That which is apprehended by
intelligence and reason is always
in the same state”

Standard Model of Elementary Particles
" .

nenere  geometrisehe Forschuugen

~400 BC 1872 900

philosophy geometry physics

Geometric Deep Learning
Grids, Groups, Graphs,
Geodesics, and Gauges

Michael M. Bronstein', Joan Bruna?, Taco Cohen?, Petar Velickovi¢*

May 4, 2021

2021

deep learning

Introduction to interpretability



The ultimate question of this lecture, machine learning and everything:

g

(translation)

A translation

f . invariant
y= 3 model
plg) =id
y=3 : A model
f sensitive to

translation —

Introduction to interpretability



The ultimate question of this lecture, machine learning and everything:

“That which is apprehended by
intelligence and reason is always
in the same state”

Standard Model of Elementary Particles
" .

nenere  geometrisehe Forschuugen

~400 BC 1872 900

philosophy geometry physics

Standard Interpretable Model

Geometric Deep Learning
Grids, Groups, Graphs,
Geodesics, and Gauges

Michael M. Bronstein', Joan Bruna?, Taco Cohen?, Petar Velickovi¢*

May 4, 2021

2021

deep learning

2026

interpretable ML




Interpretability Theory Outline

[. Introduction to interpretability (~15 min)
II. The Standard Interpretable Model (~10 min)
ITII. Interpretability premises (~5 min)
IV. Interpretability symmetries (~10 min)
V. Interpretability constraints (~10 min)
Q&A + 5 min break
VI. Lagrangian of interpretable machine learning models (~5 min)
V. Trajectories towards interpretability (~10 min)
VI. Interpretable architectures (~10 min)

Final Q&A



The Standard Interpretable Model

) ) [7crpretable &
accurate model

Let me show
you how...

[1] Lagrange. Mécanique analytique. (1788).

Giuseppe Luigi
Lagrangia

The Standard Interpretable Model



A Lagrangian perspective on Machine Learning

|z 6 -yl %mateTate

Parameters (Training) Data Objective Dynamics
6 D V(D,0) T(0,0)

[1] Gori et al. Machine Learning: A constraint-based approach. Elsevier (2023). The Standard Interpretable Model
[2] Guo et al. Physics of Learning: A Lagrangian perspective to different learning paradigms. arXiv preprint (2025).



A Lagrangian perspective on Machine Learning

|z 6 -yl %mateTate

Parameters (Training) Data Objective Dynamics
6 D V(D,0) T(0,0)

L(D,0)= T@BH - V(D0

parameter dynamics objective function

Lagrangian

[1] Gori et al. Machine Learning: A constraint-based approach. Elsevier (2023). The Standard Interpretable Model
[2] Guo et al. Physics of Learning: A Lagrangian perspective to different learning paradigms. arXiv preprint (2025).



A Lagrangian perspective on Machine Learning

L(D) 9) — ﬂx—re i y”i

objective function

Lagrangian

+— Parameter space —

The Standard Interpretable Model

Loss landscape V

ER
=



A Lagrangian perspective on Machine Learning

1
L(D,0) = 5mateTaw — |lzTo—yl?

- -

WV
g . objective function
parameter dynamics

I ELLLEES

Lagrangian

Loss landscape V

Low-error

+— Parameter space —

The Standard Interpretable Model



A Lagrangian perspective on Machine Learning

1
T T 2
L(D,0)=  mdf' 00 — |z'0-yl? .
~ v ~ ob jectivgrfunction
parameter dynamics
Lagrangian .
S://L(D,G)da:dt s
Action -

Low-error

+— Parameter space —

The Standard Interpretable Model



A Lagrangian perspective on Machine Learning

1
1 T 2
L(D,6)= ;md6To0 — |70yl N
~ g ~ objective function
parameter dynamics ‘
Lagrangian :
S://L(D,G)da:dt L
8
Action
‘ Principle of least action Low-error

d OL OL ,
E— 0 < P <m) ~ % —j +— Parameter space — e
Euler-Lagrange equations

The Standard Interpretable Model



A Lagrangian perspective on Machine Learning

1
1 T 2
L(D,0)=  mdf' 00 — |z'0-yl? .
~ v ~ ob jectivgrfunction
parameter dynamics
Lagrangian .
S://L(D,G)da:dt s
Action
‘ Principle of least action Low-error

d OL OL ,
E— 0 < P <m) ~ % —j +— Parameter space — e
Euler-Lagrange equations

5% T
L mﬁ = Vyllz 0 —y|
Equations of motion

The Standard Interpretable Model



A Lagrangian perspective on Machine Learning

1
1 T 2
L(D,0)=  mdf' 00 — |z'0-yl? .
> R J. objective function y \
parameter dynamics | _ i\
Lagrangian B 7\ =Y S :
S://L(D,G)da:dt ' :
38
Action Oy
‘ Principle of least action Low-error

d OL OL ,
E’— 0 < P <m) ~ % —j +— Parameter space — e
Euler-Lagrange equations

920 Discretization At)2
L Mo = Vollz'0 - y|* Wt b (e — o)~ m) Vollz" 0~y
Equations of motion Parameter update




The Standard Interpretable Model

The Standard Interpretable Model 50



The Standard Interpretable Model

Parameter update

e e e e ST

The Standard Interpretable Model



The Standard Interpretable Model

{ Parameter update J

The Standard Interpretable Model 52



Interpretability Theory Outline

[. Introduction to interpretability (~15 min)
II. The Standard Interpretable Model (~10 min)
ITII. Interpretability premises (~5 min)
IV. Interpretability symmetries (~10 min)
V. Interpretability constraints (~10 min)
Q&A + 5 min break
VI. Lagrangian of interpretable machine learning models (~5 min)
V. Trajectories towards interpretability (~10 min)
VI. Interpretable architectures (~10 min)

Final Q&A
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Assumption: bounded and formal users

4 )
Bounded
formal user N
u @'ﬁ
; -
NG .
Alfred Tarski Herbert Simon

\. J

Interpretability premises



Assumption: bounded and formal users

Bounded
formal user

ool s

Croa( @
= [h]d( )

=D Crea (@)

0.9
0.2

Fixed vocabulary of symbols Mechanism to assign meaning to symbols
(syntax) (semantics)

f
i

h
Alfred Tarski

Herbert Simon

J

Interpretability premises



Assumption: bounded and formal users

Bounded
formal user

~N
Bovwoeo Rarzoucrry
- [ h] - Bouwned Un gouwpeD
i real @) = 09
[h]
[ eroy | Croa(@o) = 0.2
Fixed vocabulary of symbols Mechanism to assign meaning to symbols Time / computational limits
(syntax) (semantics) (bounded rationality)
[
&
Alfred Tarski Herbert Simon
J

Interpretability premises
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Machine Bounded
learning model formal user



Interpretability premises

Machine “red” = Human “red”

P

Machine “yellow” # Human “yellow”
S S -
& &
L

& -

;__/

RAS

Interpretability premises



Interpretability premises

Machine “red” = Human “red”

S ‘ .

RAS

Machine “yellow” # Human “yellow”
S S -
& &
L

& -

;__/

Semantically
aligned variables

:

Unaligned
variables

latent var

0 L
L @

yellow

\

Interpretability premises



Interpretability premises

Machine “red” = Human “red” Semantically

aligned variables
‘ o
>

@

RAS

:
Be

Machine “yellow” # Human “yellow”
Unaligned
® variables
latent var
L

yellow

- Cred g Cround

KA
SIXIXIX
!‘lf’

- 2cied + 1

& -

;__/ N

\
I
\

Interpretability premises
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Interpretability Theory Outline

[. Introduction to interpretability (~15 min)
II. The Standard Interpretable Model (~10 min)
ITII. Interpretability premises (~5 min)
IV. Interpretability symmetries (~10 min)
V. Interpretability constraints (~10 min)
Q&A + 5 min break
VI. Lagrangian of interpretable machine learning models (~5 min)
V. Trajectories towards interpretability (~10 min)
VI. Interpretable architectures (~10 min)

Final Q&A



Premise [ » Symmetry I

Concept (or interpretation) map:

Machine “red” = Human “red”

-

Machine “yellow” # Human “yellow”

;__/

N 7

Interpretability symmetries



Premise [ » Symmetry I

Concept (or interpretation) map:

4 N\
Machine “red” = Human “red”
I l ‘
P ‘
-

What is a general formal definition of the concept “red”?

The set of all tuples (z;, 2, h that M (5. n o,
Machine “yellow” # Human “yellow” € set ot all tuples ( v J) such that ¢ 4(2) < crea(2)

el 1708 Gl 102 - X(crea) = {9, @), (&, @), (8, @)}
pos g 4

;__/

Interpretability symmetries



Premise [ » Symmetry I

4 R
Machine “red” = Human “red”
P ‘
-

Machine “yellow” # Human “yellow”
el 0708 hat )02+
. o, ‘

N 7

;__/

Concept (or interpretation) map:

What is a general formal definition of the concept “red”?
The set of all tuples (2;, 2;j) such that () <, (z))

" e

X(Cred) - {(*7 ‘)7 (‘7 ‘.)7 (“7 \.)}

Which transformations preserve concepts?

Monotonic maps:

Sy = {g'w :R—R | Vs, s2 €R, 51 <859 = gw(sl) = gw(32)}

X (0w 0 cioy) = X(cro) = {(#6, &), (&, @), (%, @)}

Interpretability symmetries



Premise I1 > Symmetry II

Semantically
aligned variables

red -
—) y
round

Unaligned %
variables
= —
e —

Premise II
Prediction concept dependency

When does a function depend exclusively on aligned concepts?

When any change in the function output V. fi, ..., V.f,
can be explained by a change in aligned concepts V,c;, ..., V.¢g
span{szl, e szv} - span{vzcl, ey Vzcl}

Interpretability symmetries



Premise I1 > Symmetry II

|

Semantically
aligned variables f

@
— P

Unaligned
variables

x
x
latent var 4 >
yellow

Premise II
Prediction concept dependency

4

X

When does a function depend exclusively on aligned concepts?

When any change in the function output V. fi, ..., V.f,
can be explained by a change in aligned concepts V¢, ..., V.¢

span{szl, e szv} - span{Vzcl, ey Vzcl}

Which transformation guarantees prediction-concept dependency?

A projection into the concept subspace that leaves the output gradients invariant

>
(Vzf).8

Jg. € &, such that g..(V.f)" = (V.f)'
6.={gc: 2 Z|gl=9c, im(g) C span(V.c)}

Interpretability symmetries



Premise III > Symmetry I11

How can a user specify the hypothesis space?

- {¢ | KP(¢) = Vip =0}
5 & [
® f l 2| = Cfed — Cround
®; i — 2Cf‘ed + 1

———

Interpretability symmetries



Premise III > Symmetry I11

How can a user specify the hypothesis space?

h 3
- {0 | KM(¢) = Vip =0}
p 4 H

0 B2 _

: i e | — Cred Cround

——

f_—\
® | & = 2@36 q + 1 Which transformations of concept formulae preserve the hypothesis space?

All transformations that map solutions of K" to other solutions

K" (g(¢(c)), - ., V¥g(6(0)) = p(e, 9(c)) KM (9,...,VI¢) = 0

Interpretability symmetries



Parameter update

The Standard Interpretable Model - 0 -

Interpretable
architectures
Premises Shared concept semantics Prediction-concept dependency Bounded reasoning
Symmetries X(8w 0 ) = x(cl) Jg. € &, such that g..(V.f)" = (V.f)T  KU6©), ... V8(6(c)) = ale, (K6, ..., V) = 0
Constraints
Lagrangian

Equations

of motion

Architectures

General
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Interpretability Theory Outline

[. Introduction to interpretability (~15 min)
II. The Standard Interpretable Model (~10 min)
ITII. Interpretability premises (~5 min)
IV. Interpretability symmetries (~10 min)
V. Interpretability constraints (~10 min)
Q&A + 5 min break
VI. Lagrangian of interpretable machine learning models (~5 min)
V. Trajectories towards interpretability (~10 min)
VI. Interpretable architectures (~10 min)

Final Q&A



Premise I > Symmetry I > Constraint I

4 I

Machine “red” = Human “red”

&

A
!‘V

Machine “yellow” # Human “yellow”

Interpretability constraints



Premise I > Symmetry I > Constraint I

AcLhe]d >0
( h —
Machine “red” = Human “red” [E. .[h]—) R
SRR o e
& a >
P
= Preserved semantics Violated semantics

Machine “yellow” # Human “yellow”

Interpretability constraints



Premise I > Symmetry I > Constraint I

Vs

Machine “red” = Human “red”

&

A
!‘V

Machine “yellow” # Human “yellow”

~

AcLhe]d >0
—
—e o— R

h -
CLhe]d(‘) C[re]d(')

'4 N

Preserved semantics Violated semantics

ACred <0
—
o—eo R

Cred(®) Crea(®®)
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Premise I > Symmetry I > Constraint I

Vs

~

Machine “red” = Human “red”

&

A
!‘V

Machine “yellow” # Human “yellow”

C

4

Preserved semantics

—e
red(’) Cred(b )

AcLhe]d >0
—
o— R

[h]

N

Violated semantics

ACred <0
—
o—eo R

Cred(®) Crea(®®)

Y(—Acreq)

Y(=Acrea) > 0

Interpretability constraints



Premise I > Symmetry I > Constraint I

Vs

Machine “red” = Human “red”

A
!‘V

&

Machine “yellow” # Human “yellow”

~

AcLhe]d >0
—
—e o— R

RONC SENCUREY

'4 N

Preserved semantics

Violated semantics

Acrsd >0 ACred <0
— —
o—eo— R o—e— R

Cred(“) Cred( ® ) Cred( .) Cred(‘)

Y(—Acreq)

Y(=Acrea) > 0

Y(=Acreq) = 0

ACred > O

Interpretability constraints



Premise I > Symmetry I > Constraint I

Vs

~

Machine “red” = Human “red”

A
!‘V

&

Machine “yellow” # Human “yellow”

A >0

red

—

C:[che]d(‘) ¢

4

Preserved semantics

Acrsd >0
—
o—o R

Crea(@b) Crea(®)
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Empirical validation: symmetry III

4 N\

I understand only
polynomials of
degree <3

‘ Data Points
2
® @ = Creq — Cround

o & =0, +1

| . Y
Premise 111

Bounded reasoning

@’“(qﬁ, ., V) i}

Constraint III




The Standard Interpretable Model
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