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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

2. Deep philosophical aspects of explaining models

3.  Post-hoc interpretability such as Mechanistic Interpretability

“Inerpretable Machine Learning” “The Mythos of Interpretability” “To Explain or to Predict?” “Explanation Theory” Distill Circuits Thread ~ Anthropic Circuits Thread
Christoph Molnar Lipton (2018) [1] Shmueli (2018) [2] Bromberger (1992) (3]

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

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

[5] Cammarata et al. "Thread: circuits." Distill 5.3 (2020): e24. Introduction

[6] Anthropic “Transformer Circuits Thread” found at https://transformer-circuits.pub
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Course Website and Materials

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

B

interpretabledeeplearning.github.io



Introduction to interpretability
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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

?
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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/
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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

How do modern theories analyse complex phenomena?

“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

How do modern theories analyse complex phenomena?

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

~400 BC 1872

philosophy geometry
Introduction to interpretability



How do modern theories analyse complex phenomena?

Y
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How do modern theories analyse complex phenomena?

x Y

(sign change) E
v

—Z

Y
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How do modern theories analyse complex phenomena?

A
y = |z|
z /
(sign charge) E ; p(g) =id
—_r — y N
f
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How do modern theories analyse complex phenomena?

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

Standard Model of Elementary Particles
e

nenere  geometrisehe Forschuugen

~400 BC 1872 ‘900

philosophy geometry physics
Introduction to interpretability



How do modern theories analyse complex phenomena?

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

Standard Model of Elementary Pal Geometric Deep Learning
e e Grids, Groups, Graphs,

Geodesics, and Gauges

nenere  geometrisehe Forschuugen

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

May 4, 2021

~400 BC 1872 900 2021

philosophy geometry physics deep learning
Introduction to interpretability



How do modern theories analyse complex phenomena?

A translation

invariant
y=3

g 3 :
(translation) i i p(g) =id
y= 3 ; A model
f sensitive to

translation —
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How do modern theories analyse complex phenomena?

“That WhiCh iS apprehended by Standard Interpretable Model
intelligence and reason is always R
in the same state”

Standard Model of Elementary Pal Geometric Deep Learning
e e Grids, Groups, Graphs,

Geodesics, and Gauges

nenere  geometrisehe Forschuugen

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

May 4, 2021

~400 BC 1872 900 2021 2026

philosophy geometry physics deep learning interpretable ML
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The Standard Interpretable Model

Parameter update
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The Standard Interpretable Model

{ Parameter update J
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Assumption: bounded and formal users

Bounded
formal user

NY

Alfred Tarski Herbert Simon

\. J

[1] Tarski et al. “Undecidable theories.” Elsevier (1953).

[2] Simon “Administrative Behavior: A Study of Decision-Making Process in Administrative Organization.” (1947). Interpretability premises



Assumption: bounded and formal users

[ apple | N
— C1[:e]d(.> = 0.9

o) Cooy (@) = 0.2

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

Bounded
formal user

)
gy~
NG

Alfred Tarski Herbert Simon

\. J

[1] Tarski et al. “Undecidable theories.” Elsevier (1953). bili .
[2] Simon “Administrative Behavior: A Study of Decision-Making Process in Administrative Organization.” (1947). Interpretability premises



Assumption: bounded and formal users

' )
Bouwoeo RATIOAMLIT)’
- [ h] - Bouwned Un gouwpeD
- Cred( .) T O : 9
(7]
[ eroy | Croa(@o) = 0.2
Fixed vocabulary of symbols Mechanism to assign meaning to symbols Time / computational limits
(syntax) (semantics) (bounded rationality)
Bounded
formal user
I
X
Alfred Tarski Herbert Simon
. J

[1] Tarski et al. “Undecidable theories.” Elsevier (1953).
[2] Simon “Administrative Behavior: A Study of Decision-Making Process in Administrative Organization.” (1947).
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Interpretability premises

Machine “red” = Human “red”

P

Machine “yellow” # Human “yellow”
S S -
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L
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;__/

RAS

Interpretability premises



Machine “red” = Human “red”
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Interpretability premises

Semantically
aligned variables

Unaligned
variables

latent var
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l
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I
\
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Interpretability premises
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Premise [ » Symmetry I

Concept (or interpretation) map:

( )
Machine “red” = Human “red”
XE P> ‘
-

Machine “yellow” # Human “yellow”
ot 108 80 -
& 2
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

Concept (or interpretation) map:

4 R
Machine “red” = Human “red”
P ‘
-

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

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

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

2 Which transformations preserve concepts?

— S 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

When does a function depend exclusively on aligned concepts?

When any change in the function output V. fi, ..., V.f,

Semermitenly can be explained by a change in aligned concepts V,c;, ..., V.¢g

aligned variables

span{szl, e szv} - span{vzcl, ey Vzcl}
red -
—) y
round

Unaligned %
variables
= —
e —

Premise II
Prediction concept dependency

Interpretability symmetries
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Semantically
aligned variables f

@
— P

Unaligned
variables

x
x
latent var 4 >
yellow

Premise II
Prediction concept dependency

4

X

Premise I1 > Symmetry II

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
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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
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( 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

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

ACred <0
—
o—eo R

Cred(®) Crea(®®)

Machine “yellow” # Human “yellow”

Interpretability constraints



Premise I > Symmetry I > Constraint I

~

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

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 >0 Acred <0

Interpretability constraints



Premise I > Symmetry I > Constraint I

4 )

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(®)

Preserved semantics

o— R

(o)

N

Violated semantics

ACred <0
—
o—eo R

Cred(®) Crea(®®)

Y(=Acrea) > 0
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Premise II » Symmetry II > Constraint II

Semantically
aligned variables f

red

round

Unaligned
variables

X
o —
erm ——!

. : -
Premise 11

Prediction-concept dependency

Lc.wsz - (sz)T—J

Symmetry IT
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Premise II » Symmetry II > Constraint II

Vzcl, ey Vzcl vth AR szv

bt @ w 4

df,1

4 )

Semantically
aligned variables

Unaligned
variables

LL. @

Lgcwsz _ (sz)J

Interpretability constraints



Premise II » Symmetry II > Constraint II

4 )

Semantically
aligned variables

Unaligned
variables

LL. @

Lgcwsz _ (sz)J

V.c1, ..., V.q
vt %
QC,I

vth °0og szv
" A
a1

Predictions do not depend on concepts

197 QI3

10 QslE >0

QlQy

Low similarity

Interpretability constraints



Premise II » Symmetry II > Constraint II

V.1, ..., V.q
( N
Semantically '
aligned variables 4c,2
QC,I

Predictions depend on concepts

Unaligned
variables

LL. 5 -
l

197 QI3

;__/

1QZ Qsllf ~ 0

vth °0og szv
" A
a1

Predictions do not depend on concepts

10 QslE >0

Jde- (vz f)T = (VZ f)T High similarity Low similarity

QlQy

Interpretability constraints



Premise II » Symmetry II > Constraint II

Vzcl, ey Vzcl vth AR szv
4 )
Semantically ' 2'
aligned variables Ge,2 a5,
Cored - b
- Predictions depend on concepts Predictions do not depend on concepts

Unaligned
variables

LL. 5 -
l

197 QI3

Predictions depend
on concepts

T T r— — QI Qs
gc(vzf) = (sz) High similarity Low similarity

1Q: Qsll7 _
=T ' i)

10 QslE >0

Interpretability constraints



Premise III » Symmetry III > Constraint III

4 )

KM(VWg(4(c))) = p(c, p(c)) KM(VIIg) =0

l

KM(g,...,viMg) =0

EM(V®g(¢(c))) = ule, ¢(c)) KM (VP¢) = 0

_ Interpretability constraints




Parameter update

The Standard Interpretable Model -
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Lagrangian of interpretable machine learning models

a I
HACH,’]>0 . ’y(—ACw) = ()

_lelo;

rank(V, f) =0

KW (g, ..., Vg) =0

¥ .
Constraints

Lagrangian of interpretable ML



Lagrangian of interpretable machine learning models

4 I
]IACH,L]>0 . ’)/(—ACU,) =0
_lerQue _,
rank(V, f)

KW(g,...,. V™) =0

N . L
Constraints

-

: ™\
9}%2% L(f(z65),9)
- Z Z HAC[M(Z 2)>0 Y(—Acy(z,2i;0:)) =0  (Constraint 1)
w=12;,€D
QT _ .
(1 rank(V,f) ) ~ 0 (Constraint 2)
K" (g(c(z6c); Bishoacn VP g(c(z; 0.); 04)) =0  (Constraint 3)
] =

Constrained optimisation problem

Lagrangian of interpretable ML



Lagrangian of interpretable machine learning models

4 N\
]IACH,L]>0 o ’)/(—Acw) =0
_leredi
rank(V, f)
KW, ...,.V™¢) =0
N : L
Constraints

4 . )
9}%2% L(f(z65),9)
Z Z HACK‘](szibO -y(—Acy(2,2;0:)) =0  (Constraint 1)
w=12;,€D
_leleslFY _ .

(1 rank(V,f) ) ~ 0 (Constraint 2)

KM (p(c(2:00);05), - - -, VEb(c(2;0c);04)) =0 (Constraint 3)
% = o« e . —/

Constrained optimisation problem

( N

Xi>0 07,040

—

max min L(0f.cq, Xi, D, y, KM) =L(f(2;05),y)

+>‘IZ dor, Az >0 - V(—ACu(2, 233 6c))

w=12z,€D
Q7 Qsll%
A (1 - rank(vm)
+ A3 KM (g(c(2;6.); 05), - - -

, VI (el 6c); 64))
L

Unconstrained optimisation problem

Lagran

gian of interpretable ML



Lagrangian of interpretable machine learning models

( N ( in  L(f(z0 h
HACH,L]>0 ~y(—=Ac,) =0 o5, (f(205),9)
1_ ”QcTQf”% s.t. Z Z I[AC[J;](Z,zi)>O -¥(=Acy(z,2;6:)) =0  (Constraint 1)

=0 w=1z,€D
rank(V..f) —) (1l

=0 (Constraint 2)
rank(V . f
KM(g,...,VMg) =0 i)

KM (¢(c(200);05), - - - VEb(c(2;00);04) =0 (Constraint 3)
Constraints Constrained optimisation problem
4 N\

; ; [y — .
I)‘I:g%e}%i?ecL(ef,c,qb’/\zyD:ny ) =L(f(2;05),y)

+ )\1 Z Z HAG[L,},L](z,zi)>O . 7(_Acw(z’ 2 BC))

w=12z,€D
Q4 Qs
A (1 - rank(VZf))
+ MK ((c(2;06);04), - - ., VI b(c(2; 0c); 0))
e J

Unconstrained optimisation problem

3

1 i T 2 )
Lbper Doy, K =T =V = 3 Zm(@00)7 (060~ LUG507,9) 2 2 3 L ymo - H(-Beu(z,260) ~ (1 _ 9.9yl ) — K((e(z:0.); ), ... VO B(c(z:00):60))

) rank(V, f)
i€{f.c,9} prediction error w=12€D N ! Constraint 11T
N 3 Constraint 1T
parameter dynamics Constraint I

Lagrangian
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Parameter update

Interpretable
architectures

Premises

Symmetries

Constraints

Lagrangian

Shared concept semantics Prediction-concept dependency

X(gw o c)) = x(cl)) g, € G, such that g..(V.f)" = (V.f)"
I -v(=Acy) =0 _lleleslE
a0 7(=8cw) rank(V.f)

LOfes, Dy, KM =T -V = Y
i€{f.c,0}

parameter dynamics

A1ZZ]IAC[}‘](zz >0 ’Y( Acw(z Zi5 c)) A

w=1 z,€D

m(atei)T(ate,-) = L(f(z05),y
%,_/

prediction error

Constraint I

Bounded reasoning

KM (g(6(c)), ..., VV0(6(c)) = (e, () KM (9,..., V) =0
KW (g,...,V¢) =0
(1 _ HQ;er”%*) —K[h](¢(c(z‘9 ).9 ) V(")qﬁ(c(zﬁ ).9 ))
rank(sz) yVe)y Up)yeo oy Ve sy Ve )y Vg

Constraint ITI
Constraint IT

Equations
of motion

Architectures

General
solution




Trajectories towards interpretability

L(D, 9) — T(ate) — V(D’ 9) \;‘ ; - Sub:optimalltrajectory. =
\ , _ p ! | =~ Optimal trajectory to interpretability

parameter dynamics  objective function

High-error
interpretable

Lagrangian

o8
& INT

Low-error
non-interpretable
S = //L(D, 9) dz dt s
Low-error and interpretable

Action
‘ Principle of least action

+— Parameter space —
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Premise I > Symmetry I » Constraint I > Architecture I
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Interpretability architectures
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Machine “red” = Human “red”
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Interpretability architectures
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“Instance-based model”
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Interpretability architectures
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~

KP(g,...,.VI¢) =0

l Solve the differential equation

Po(c) = Z Octi(c), do(c) € ker(K™M)

“General solution”

Interpretability architectures



Premise III » Symmetry I1I - Constraint II1 - Architecture III

KP(g,...,v¥¢) =0

l Solve the differential equation
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“General solution”
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Interpretable architectures
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The Probabilistic Concept-based Model Blueprint

/ p(c|x) - Concept Encoder

plc, 1,y |x) =plylc,r)plclx)p(r|x)

p(r|x) - Prediction rule selection

p(y |c,r) - Task Predictor



Concept Bottleneck Models (CBMs)

A Concept Bottleneck Model (CBM) [1]:

p(y,c|x)=plylc)p(c|x)
ol ¢
o o O

[1] Koh et al. "Concept bottleneck models." International Conference on Machine Learning. PMLR, 2020. Blueprint for interpretable models



https://arxiv.org/abs/2007.04612

Concept Bottleneck Models (CBMs)

A Concept Bottleneck Model (CBM) [1]:
1. Access to k binary concept labels C for each training sample.

X c J

Csclerosis

Cspurs N D
: 2

Costeophytes

| Cnarrow_joint |

[1] Koh et al. "Concept bottleneck models." International Conference on Machine Learning. PMLR, 2020. Blueprint for interpretable models



https://arxiv.org/abs/2007.04612

Concept Bottleneck Models (CBMs)

A Concept Bottleneck Model (CBM) [1] exploits this idea by assuming:

2. Each concept in C can be independently predicted from X

peeln) = [pcal

[1] Koh et al. "Concept bottleneck models." International Conference on Machine Learning. PMLR, 2020. Blueprint for interpretable models



https://arxiv.org/abs/2007.04612

Concept Bottleneck Models (CBMs)

A Concept Bottleneck Model (CBM) [1] exploits this idea by assuming:

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

p(ylc,r) = p(y|c)

[1] Koh et al. "Concept bottleneck models." International Conference on Machine Learning. PMLR, 2020. Blueprint for interpretable models



https://arxiv.org/abs/2007.04612

How to train your CBM

Given a training set 2= {(x",¢?,4”)}\| we can train a CBM in one of three

ways:

1. Max-loglikelihood (or “independent” train)

s Z log pg,e(3,C %)
T 296~9

B Z log pe(¥ [C) + logpg (€ %)
7 R5E~0

Blueprint for interpretable models



How to train your CBM

N o .
Given a training set P ={(x",¢",4")} ', we can train a CBM in one of three
ways:

2. Sequential:

P —argmax Z logpg (€ [X)

X,c~

0* = argmax z log pg (@ |c)
0 o 2
Xy ~9, C~P g+ (c|%)

Blueprint for interpretable models



How to train your CBM

Given a training set 2= {(x",¢?,4”)}\| we can train a CBM in one of three

ways:

max > log pe(d Ic) + 1ogpy (@ |9)
%,9,6~ O, c~pg(c |X)

Blueprint for interpretable models



Part 2 of Tutorial:
Concept Representations

includes slides by: Mateo Espinosa Zarlenga, Luc De Raedt



X 0 A

y ) X smoking
mutations
“ X tar deposit

But concepts are actually more than just a bottleneck
They are a semantic API consumed by (at least) three actors:
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X 0 A

y ) X smoking
mutations
“ X tar deposit

But concepts are actually more than just a bottleneck
They are a semantic API consumed by (at least) three actors:
e a machine learning encoder model
e a task predictor




This semantic interface needs a contract

-  How do define the interface such that these three actors communicate efficiently?

- Natural language is appealing, but it weakens our control over the interaction
- a key reason for using interpretable models.
- but see [1]

- Formal languages, e.g. logic, form a middle ground:

- precise enough for machines to manipulate
- still close enough to human meaning

[1] Yamaguchi, Shin'ya, and Kosuke Nishida. "Explanation bottleneck models." AAAI 2025



The formal language contract

We need to specify:
1) Syntax:

a) Vocabulary of symbols (predicates and entities)
b) The arities of the predicates

e.g. predicates = {sunny, tall, funny, fatherOf}
entities = {bart, homer, lisa, ...}
arities: sunny/0, tall/1, funny/1, fatherOf/2



The formal language contract

We need to specify:
1) Syntax

2) Semantics:
a) what values do we allow?
b) which values do we assign at each symbol?

e.g. True/False, [0,1], (o0, +), R"
sunny = 0.8
fatherOf(homer,bart) = True



The formal language contract

We need to specify:

1) Syntax

2) Semantics

3) Connectives [ Operators / Algebra

a) how do we compose the symbols to create more complex sentences?



The Concept Bottleneck Model contract

1) Syntax:
a) Vocabulary of symbols (predicates and entities)
b) The arities of the predicates

2) Semantics:

a) what values do we allow?
b) which values do we assign at each symbol?



The Concept Bottleneck Model contract

1) Syntax:

a) Vocabulary of symbols (predicates and entities)

b) The arities of the predicates

2) Semantics:

a) what values do we allow?

b) which values do we assign at each symbol?



The Concept Bottleneck Model contract

1) Syntax:

a) Vocabulary of symbols (predicates and entities)

b) The arities of the predicates
2) Semantics:

a) what values do we allow?
b) which values do we assign at each symbol?
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The Concept Bottleneck Model contract

1) Syntax:

a) Vocabulary of symbols (predicates and entities)

b) The arities of the predicates
2) Semantics:

a) what values do we allow?
b) which values do we assign at each symbol?

X 0 A 6. C 0y Y

smoking
tar deposit

RA

““



Failure: Incomplete vocabulary
automated concept discovery

This can be turned into a fully automated pipeline if we exploit language models as
knowledge bases for extracting concept descriptions:

“List the most important features for
recognizing something as a {class}.”

[1] Oikarinen et al. "Label-Free Concept Bottleneck Models." ICLR (2023). Design of P(C|X)
[2] Yang, Yue, et al. "Language in a bottle: Language model guided concept bottlenecks for interpretable image classification." IEEE/CVF 2023.



https://arxiv.org/abs/2304.06129

Automating concept discovery

Label-free CBMs achieve this by introducing filtering rules and a projection matrix that

produces sparse and discriminative scores aligned to CLIP’s similarity scores

Step 2: Compute embedding f(x) &  Step 3: Compute CBL coefficient

concept matrix P

Input imgs x4, -, x,

Embeddings

concept 1
—p  CONCEP 2

Label-free ' ——
[ | Backbone transform

f&) fo(x) = W.f(x) conc
c B M f(x1)  flxn)

Concept Matrix
Inner | E(x,) - Eqlt,)

Step 1: Generate and product i) Edty) |

filter ‘ '

| Efx) - Eddty) |

| —s a seat
Filtering | butter
dirt
\ markings )

[1] Oikarinen et al. "Label-Free Concept Bottleneck Models." ICLR (2023).

by max similarity between f_and P

Concept bottleneck layer (CBL)

t U Step 4: Train a sparse FC
layer W on f(x)
Predicted class §
¥ = argmaxe(12,..4,) Zi
—) Bridge, car, ..., cloud

FC layer 1 P In
z = Wefe(x)

fe(x1)  fe(xn)

(Notations)
E(x,) - Ex{ty) x; € R%

; E«(Xy) N ET(tm) f(x) € Rd

WC € RMXd

fo(x) ERM
E\{xy) - Eq{ty) 7 € R4z

WF € Rd,xM

Design of P(C|X)


https://arxiv.org/abs/2304.06129

Automating concept discovery

Alternatively, one may filter the concept bank via submodular optimization:

f(Cy):a-ZD(c) + B Z ma,xgb (c1,c9)

ceC)y 026 ¢
Ny J N J/
'l N
discriminability coverage
Concepts to select for class y
How good is the concept at How good does the filtered
discriminating only a concept set represent the
handful of task labels? original set of candidates?

[1] Yang et al. "Language in a bottle: Language model guided concept bottlenecks for interpretable image classification." CVPR (2023). Design of P(C|X)



https://arxiv.org/abs/2211.11158

Failure: Incomplete vocabulary
Adding extra (unsupervised) capacity

CONCEPT BOTTLENECK MODEL

Sidechannel



Failure: Incomplete vocabulary
Adding extra (unsupervised) capacity

¢
L
Unsupervised
Concept Encoder O Extra Capacity Label Predictor
_) 2 ( —) Osteoarthritis Grade
O Narrow Joint
Space

O Bone Spurs
(@] Sclerosis LEGEND
O Osteophytes @ Unsupervised Activation

@ Concept-aligned Activation
@ Output logit
[l Trainable & differentiable model

A “Hybrid” CBM adds extra unsupervised capacity to the CBM’s bottleneck

[1] Mahinpei et al. "Promises and pitfalls of black-box concept learning models." arXiv preprint (2021). Design of P‘]C‘X,\



https://arxiv.org/abs/2106.13314

Solution attempt: unsupervised capacity

: intervenability suffers when unsupervised capacity is introduced

Interventions on CUB

=
>
<
> 9
%)
©
s
=]
5]
o
<
X
@
[t

5 10 15 2 5
Concepts Intervened

CBM Hybrid-CBM

[1] Espinosa Zarlenga, Barbiero, et al. "Concept embedding models: Bevond the accuracy-explainability trade-off." NeurIPS (2022). Desien of P(C|X)
&



https://arxiv.org/abs/2209.09056

Solution idea: structured high-dimensional vectors

Idea: can we use structured extra capacity instead?

Design of P(C|X)



Overcoming incompleteness: concept embeddings

For each training concept, let’s represent extra structured embedding
representations of the concept

Label

Latent Code Embedding Generators Bottleneck :
Predictor

O

QOO

:
S

[1] Espinosa Zarlenga, Barbiero, et al. "Concept embedding models: Bevond the accuracy-explainability trade-off." NeurIPS (2022). Desien of P(C|X)
&



https://arxiv.org/abs/2209.09056

Learning dynamic concept embeddings

For example, we can decompose the concept representation C; as the

mixture of two exogenous representations { : }:
r _O_ ___________
_ _ 5 I o
X pi(x) + (1 pl(x)) | © 0 o OO
00 o (o Jg©)
1 O o (o)
00 3 0o
O “Positive” concept embeddings 10~0 (o)
o o0 o
| (o) - S
O “Negative” concept embeddings [ © S

[1] Espinosa Zarlenga, Barbiero, et al. "Concept embedding models: Bevond the accuracy-explainability trade-off." NeurIPS (2022). Design of P(C|X)



https://arxiv.org/abs/2209.09056

The Concept Bottleneck Model contract

1) Syntax:
a) Vocabulary of symbols (predicates and entities)
b) The arities of the predicates

Only flat concepts (propositional): no objects / entities
2) Semantics:

a) what values do we allow?
b) which values do we assign at each symbol?

144

X -
X R EX. -
/7 ad &




The Concept Bottleneck Model contract

1) Syntax:
a) Vocabulary of symbols (predicates and entities)
b) The arities of the predicates

Only flat concepts (propositional): no objects / entities
2) Semantics:

Failure:
a) what values do we allow?
b) which values do we assign at each symbol?
= Limited
EETE compositional
: Lt generalization
S & B~ o




Failure: limited compositional generalization
Relational vocabulary

- Concept-encoders become relational

X % embeddings %} Y
atom encoder atom predictor .
input predictions

O = {{u/Willie}}

US(Bart)

© = {{u/Homer}}
N(US((v)) = [US(u), parent(u,v)]

relational concept bottleneck

[1] Barbiero et al; Relational Concept Bottleneck Models, NeurIPS 2024



Failure: limited compositional generalization
object centric bottlenecks

- Expand relational bottlenecks with an entity discovery model:
- Mask-RCNN, SAM

an (I
@ @-» ’ >

Co "Petting
Concept

Zoo"
Discovery Ca,. Aggregate Predict

Proposal
Proposals Refinement

[1] Steinmann et al, Object-Centric Concept-Bottlenecks, NeurIPS 2025




Failure: limited compositional generalization
object centric bottlenecks

- Expand relational bottlenecks with an entity discovery model:
- Mask-RCNN, SAM

Full Image Object #1 Object #2 Obiject #3
. & "(u 'Et R e U

dinner, broccoli, wine, label, plated, dinner, kale, dinner,
plated, seafood,  martini, patent, fork, cutlery, recipe, broccoli,
vegetarian champagne rhinestone asparagus

Full Image Object #1 Object #2

.“‘ .f’-l. “‘: o ]

pelican, . eli . pelic \

seascape, heron, A heron, mer,
[1] Steinmann et al, Object-Centric Concept-Bottlenecks, NeurIPS 2025 geese, joined ocean swimming




The Concept Bottleneck Model contract

1) Syntax:
a) Vocabulary of symbols (predicates and entities)
b) The arities of the predicates

2) Semantics:

a) what values do we allow?

b) which values do we assign at each symbol?

RA

smoking
tar deposit

““



Semantics

- Given a concept (like ):

- semantics ask questions connected to:
- isit ?
- happy is this?
- is that he is happy?
- are there of happiness? e.g. [pleasure=2.7, satisfaction=11.7, purpose=0.1, .... |
- an embedding?

- We can make a parallel with logic



Boolean Logic

alarm N hears_alarm — calls

values are in {T,F} (or {0,1})




Fuzzy Logic

alarm N hears_alarm — calls

Product tukasiewicz

max(0,x +y— 1) | min(x,y)

il ey) | wan, D)
: .
EFICES) (T, 1= x %)

values are in [0,1]




Probabilistic Logic Semantics

- Two layer semantics

- Defines a over

p(x1 = True, xo = False, ..., x, = True) = 0.6



The Concept Bottleneck Model contract

2) Semantics:

a) what values do we allow?

Learning: often with Binary Cross Entropy
- Implicit assumption:

Task Prediction:
- Scores are passed to the task predictor:

Intervention-time:
- True/False interventions:

Concept-Embedding Models:




The Concept Bottleneck Model contract

2) Semantics:

a) what values do we allow?

Learning: often with Binary Cross Entropy
- Implicit assumption:

Task Prediction:

- Scores are passed to the task predictor:

Intervention-time:
- True/False interventions:

Concept-Embedding Models:

pCelv) = | [pcaln



The Concept Bottleneck Model contract

2) Semantics:

a) what values do we allow?

Learning: often with Binary Cross Entropy
- Implicit assumption:

Task Prediction:

- Scores are passed to the task predictor:

Intervention-time:
- True/False interventions:

Concept-Embedding Models:

0* = argmax Z log pe(¥ |c)

J Xy ~9, C~P g+ (c %)

|

6* = argmax z log pe(¥ | )
Y
Xy ~9O



Neural task predictors break concept semantics

Misalignment between concept encoder and task

For example, consider a probabilistic concept,

score 0.7 -> input to a neural network

the model combines it with other concept scores in ways that no longer respect

probability theory.

Result = the original semantic meaning of the concept is lost.



The Concept Bottleneck Model contract

1) Syntax:
a) Vocabulary of symbols (predicates and entities)
b) The arities of the predicates

2) Semantics:

a) what values do we allow?
b) which values do we assign at each symbol?

smoking
tar deposit

RA

““



The Concept Bottleneck Model contract

1) Syntax:
a) Vocabulary of symbols (predicates and entities)
b) The arities of the predicates

2) Semantics:

a) what values do we allow?
b) which values do we assign at each symbol?

smoking
tar deposit

RA

““



Failure: Huge training effort
Concept-activation vectors

Xstripes X
grass

No Stripes

Design of P(C|X)



Failure: Huge training effort
Concept-activation vectors

A Post-hoc CBM (PCBM) uses a pretrained DNN to construct concept
representations based on similarity scores from projections onto CAVs:

with with
Concept Activation :or: Multimodal
Vectors (CAVs) Models

f(nf2) S (;) [Tetripes | | | sA =R R proj f()

C "horse”

Post-hoc CBM (PCBM)

{Stripes: 0.8
Horse: 1.2
Hands: -0.5
Black: 0.7
Mane: 0.9

“stripes “mane”

syt (7N l

. [ Text
| Encoder \| |

"fcstripesch;mdb Cmane chluckn\
t S - b5

| &

: C e RpVxd - Hybrid Post-hoc CBM (PCBM-h)
Learning the Concept Bank Fitting the Concept Bottleneck

[1] Yuksekgonul et al. "Post-hoc concept bottleneck models." ICLR (2023).

PCBM
prediction

plZebra) 0.8

Design of P(C|X)


https://arxiv.org/abs/2205.15480

Failure: No available labels



Failure: No available labels
multimodal concept encoders

Describe (in text) the concepts that are useful for a task

Use a multimodal concept encoder (CLIP) to annotate large dataset



Failure: Few available labels
Constrain the concepts logically

Train concept encoders using a signal coming from a semantic based
regularization:
- unsupervised loss functions encoding logic

Ski — Snow V Mountain V Helmet

Dog A Person — Leash V Sofa V Ball

[1] Diligenti, Michelangelo, Marco Gori, and Claudio Sacca. "Semantic-based regularization for learning and inference." Artificial Intelligence 244 (2017): 143-165.
[2] Xu, Jingyi, et al. "A semantic loss function for deep learning with symbolic knowledge." International conference on machine learning. PMLR, 2018.



Constrain the concepts logically

tukasiewicz

_ max(0,x + y—1) | min(x,y)

min(l, x + y) max(x, y)

1 —x

valuesarein 0,11  Ski — Snow V Mountain V Helmet
Reg(x) = ( f_ski(x), (f_snow(x),f_mountain(x),f_helmet(x)))

Reg(x)

ski= 0.7
- mountain=0.1 - [
helmet=0.1
snow=0.1

[1] Diligenti, Michelangelo, Marco Gori, and Claudio Sacca. "Semantic-based regularization for learning and inference." Artificial Intelligence 244 (2017): 143-165.
[2] Xu, Jingyi, et al. "A semantic loss function for deep learning with symbolic knowledge." International conference on machine learning. PMLR, 2018.



Alignment

The interpretability of CBMs rests on a crucial assumption:
That the learned concepts are to the human

Do the human and model assign the
same meaning to 'bone spurs'?

~

Concept c Label
Encoder Predictor

s
a Bone Spurs | y

—— Osteoarthritis Grade
EOsteophyt s |

Backbone

Narrow joint space

In CBMs: alignment through concept supervision... but is it enough?

Design of P(Y|C)



Semantic unclarity leads to leakage

Leakage: the concept representation carries information beyond the intended human
concept.

-  Humans give a certain meaning

- The machine gives (possibly) that meaning + extra info
- not a clean bottleneck
- hidden information



Types of leakage

At least 4 types of leakage:
- Task leakage
- Input (distribution) leakage
- Concept leakage (entanglement)
- OOD leakage



Types of leakage

At least 4 types of leakage:

Task leakage

Input (distribution) leakage
Concept leakage (entanglement)
OOD leakage

[1] Havasi et al, Addressing Leakage in Concept Bottleneck Models, NeurIPS 2022.

means:
- tail is True
- whiskers is True
-> cat 1s True

means:
- tail is True
- whiskers is False
->dog is True



Types

At least 4 types of leakage:

Task leakage

Input (distribution) leakage
Concept leakage (entanglement)
OOD leakage

[1] Havasi et al, Addressing Leakage in Concept Bottleneck Models, NeurIPS 2022.

of leakage

Causes:
- incomplete concept set
- thus continuous degree
as extra capacity
- inexpressive task predictor
- task needs a “non-linear’
feature of concepts
- use of continuous degree
as the non linear feature



Types of leakage

At least 4 types of leakage:

Task leakage

Input (distribution) leakage
Concept leakage (entanglement)
OOD leakage

[1] Mahinpei et al, Promises and Pitfalls of Black-Box Concept Learning Models, ICML 2021

Even when trained separately
(no pressure from the task)
concepts can encode other
unrelated concepts that may
be useful for an unknown
task

- (aka sequential training)



Types

At least 4 types of leakage:

Task leakage

Input (distribution) leakage
Concept leakage (entanglement)
OOD leakage

[1] Mahinpei et al, Promises and Pitfalls of Black-Box Concept Learning Models, ICML 2021

of leakage

- Concepts can contain
information of other (known)
concepts

- Intervening on one 1s not
enough



Types

At least 4 types of leakage:
- Task leakage
- Input (distribution) leakage
- Concept leakage (entanglement)
- OOD leakage

[1] Marconato et al, GlanceNets, NeurIPS 2022

of leakage

- Even if no leakage
in-distribution

- OOD inputs can predicts
misaligned concept scores



Can we do something about alignment?

Do the human and model assign the
same meaning to 'bone spurs'?

Concept Label
Encoder Predictor

a .
Bone Spur 'y
—— Osteoarthritis Grade
EOsteophytes ]

Backbone

Narrow joint spac



Prototype-based concept prediction

Concept p(lesz) p(Ci,almond eyes|Si) p(Ci,tm'angular ear|Sz')
Alignment| §. =1 [

E
Table S,=2 A
e

[1] Colamonaco et al. "Prototype-Grounded Concept Models for Verifiable Concept Alignment." ICML 2026 Design of P(Y|C)



https://arxiv.org/abs/2604.16076

Prototype-based concept prediction

Concept p(Xz|Sz) p(Ci,almond eyes|Si) p(Ci,trz’angular ear|Sz'>
Alignment| §. =1 [

E
Table S,=2 A
e

[1] Colamonaco et al. "Prototype-Grounded Concept Models for Verifiable Concept Alignment." ICML 2026 Design of P(Y|C)



https://arxiv.org/abs/2604.16076

Prototype-based concept prediction

Concept p(Xz|Sz) p(Ci,almond eyeS|Si) p(Ci,tm'angular ear|Sz'>
Alignment| §. = Q)
Table S, = Py

S = e

Image part
extraction

[1] Colamonaco et al. "Prototype-Grounded Concept Models for Verifiable Concept Alignment." ICML 2026 Design of P(Y|C)



https://arxiv.org/abs/2604.16076

Prototype-based concept prediction

Concept
Alignment
Table

S

p(Xz|Sz) p(C’i,almond eyes|Si) p(Ci,tm'angular ear|Sz'>

oY
D

s
e

Image part Prototype
extraction selection

[1] Colamonaco et al. "Prototype-Grounded Concept Models for Verifiable Concept Alignment." ICML 2026 Design of P(Y|C)



https://arxiv.org/abs/2604.16076

Prototype-based concept prediction

Concept p(Xz|Sz) p(C’i,almond eyes|Si) p(Ci,tm'angular ear|Sz’)

Alignment| 5, =1 @
Table| g _5 g
S; = g

Image part Prototype
extraction selection

[1] Colamonaco et al. "Prototype-Grounded Concept Models for Verifiable Concept Alignment." ICML 2026 Design of P(Y|C)



https://arxiv.org/abs/2604.16076

Prototype-based concept prediction

Concept p(Xz|Sz) p(C’i,almond eyes|Si) p(Ci,tm'angular ear|Sz’)

Alignment| 5, =1 @
Table| g _5 g
S; = g

1
- (08 —p p(51|X1 = E ):8 —T
N :
—> —p P(S2X2= )=é — >
Image part Prototype Concept
extraction selection prediction

[1] Colamonaco et al. "Prototype-Grounded Concept Models for Verifiable Concept Alignment." ICML 2026 Design of P(Y|C)



https://arxiv.org/abs/2604.16076

Verification and semantics

Each row in the table can be
verified by the human

Active Concepts

Bangs, Blond Hair,

Wavy Hair

Heavy Makeup, No Beard,
Pale Skin

Digit is 4

Small, Cyan, Sphere,
Metal

Small, Yellow, Cube,
Rubber

[1] Colamonaco et al. "Prototype-Grounded Concept Models for Verifiable Concept Alignment." ICML 2026 Dusign of P(Y|C)



https://arxiv.org/abs/2604.16076

Verification and semantics

Each row in the table can be
verified by the human

Active Concepts

N Bangs, Blond Hair,
Wavy Hair
Heavy Makeup, No Beard,
Pale Skin

Digit is 4

Small, Cyan, Sphere,
Metal

Small, Yellow, Cube,
Rubber

[1] Colamonaco et al. "Prototype-Grounded Concept Models for Verifiable Concept Alignment." ICML 2026

Each concept's semantics is given by
the prototypes for which it is active

Concept Semantics
Brown Hair

Pointy Nose
Digit is 3

Blue

Cube .

Design of P(Y|C)


https://arxiv.org/abs/2604.16076

I1.

I1I.

IV.

Tutorial Outline

Interpretability theory
Concept representations
Task predictions

PyTorch Concepts

~50 mins

~40 mins

~50 mins

~20 mins

In U’(,)d uction



Part 3 of Tutorial:
Task Prediction



Recap: The concept bottleneck model

smoking

tar deposit NP

~“4



Recap: The concept bottleneck model

Ideal model
X

C Y

smoking
) }-) =) mutations
tar deposit -

concepts = human-aligned intermediate
representation




Recap: The concept bottleneck model

smoking

tar deposit

G
!l’

residual path = extra non-aligned
information

=> more accurate models



Probabilistic Graphical Model

X/C\Y
~N 7

VA

How should we predict task labels p(Y | C, Z)?

Design of P(Y|C)



Instantiating the task predictor

X/C\Y
\Z/

What is p(Z | X)?

What is p(Y | C, Z)?

esign of P(Y|C)



Task predictors

Locally-linear Neurosymbolic Causal
Predictors Predictors Predictors

Design of P(Y|C)



The concept-bottleneck model

So far, we have assumed that the task predictor p(Y|C) is a logistic regressor

X » C > Y

p(C =1|X =x) = fy(x) p(Y =1|C =¢;0,b) = (0 'c+1b)

Design of P(Y|C)



The concept-bottleneck model

So far, we have assumed that the task predictor p(Y|C) is a logistic regressor

X » C > Y

p(C =1|X =x) = fy(x) p(Y =1|C =¢;0,b) =c(0'c+1)

Design of P(Y|C)



Reify the logistic regressor

p(Y =1|C =¢;0,b) =0 (0 'c+b)

Predicted
Concepts
C
/ \ Inner Product
X Y +
Activation
o /V
Observed
Weights

(no uncertainty) Design of P(Y|C)



Task predictors

Locally-linear Neurosymbolic Causal
Predictors Predictors Predictors

Design of P(Y|C)



Locally-interpretable task predictors

As a first step, we can construct a non-linear task predictor f(c) = p(Y|C=c) that
behaves "linear-like" in the local neighborhood of ¢

[1] Alvarez Melis et al. "Towards robust interpretability with self-explaining neural networks." NeurIPS (2018). Design of P(Y|C)

[2] Image adapted from Ribeiro et al. ""Why should I trust you?" Explaining the predictions of any classifier." KDD (2016).



https://arxiv.org/abs/1806.07538
https://arxiv.org/abs/1602.04938

Locally-interpretable task predictors

C C
X Y —> X Y
2 -7 @7
network

We keep P(Y | C,Z) a linear projection + activation

But we make weights Z a function of the input

Design of P(Y|C)



Locally-interpretable task predictors

[Local Linearity] The model should
- behave as a linear classifier, at least in the neighborhood of a sample’s concept space,
- be locally stable, small changes in Z should not change the prediction drastically,

This can be enforced by minimizing a loss that implicitly leads to this condition holding;:

L(z,y) = |Valogit(P(Y =y | C(), Z(2))) — Z(2) " J.C()]l3

[1] Alvarez Melis et al. "Towards robust interpretability with self-explaining neural networks." NeurIPS (2018). Design of P(Y|C)



https://arxiv.org/abs/1806.07538

Problems with locally-linear predictors

Unfortunately, locally-linear predictors cannot provide insights
about the of the model

/C\ /C\
X Y —> X Y
Z/ neural\Az/

network

globally interpretable locally interpretable

Design of P(Y|C)



Task Predictors

Locally-linear Neurosymbolic Causal
Predictors Predictors Predictors

Design of P(Y|C)



What can we use other than linear layers?

Can we use logic rules over the concepts to design more expressive but still
interpretable task predictors?

O

X Y

‘/



What can we use other than linear layers?

Can we use logic rules over the concepts to design more expressive but still
interpretable task predictors?

if Cl/\_'CQ then Y



What can we use other than linear layers?

Can we use logic rules over the concepts to design more expressive but still
interpretable task predictors?

X/ N
@

Y



How do we learn the logic rules?

Pl S N

X Y

‘,/V




Start with a (deep) CBM, then extract rules post-hoc

weights of a neural network



Start with a (deep) CBM, then extract rules post-hoc

We learn a DNN predicting task labels from the concepts

Opaque

DNN Task

Concepts

S+

ol Ve Ve
=

4

=

Design of P(Y|C)



Start with a (deep) CBM, then extract rules post-hoc

We learn a DNN predicting task labels from the concepts
and predict the task from every possible input combination

Opaque

Concepts DNN Task

-
Sfe R 0
AL

> R

’ -*>>>Qq.‘

=

Design of P(Y|C)



Start with a (deep) CBM, then extract rules post-hoc

We learn a DNN predicting task labels from the concepts
and predict the task from every possible input combination

Opaque
DNN

Concepts Task

4

AA
Ce
Ty QN9

=

Design of P(Y|C)



Start with a (deep) CBM, then extract rules post-hoc

We learn a DNN predicting task labels from the concepts
and predict the task from every possible input combination

Opaque
DNN

Concepts Task

4

|

ﬁ

Ty QN9
J

=

Design of P(Y|C)



Start with a (deep) CBM, then extract rules post-hoc

We learn a DNN predicting task labels from the concepts
and predict the task from every possible input combination

Opaque

DNN Task

Concepts

-

|
ﬁ
Ty QN9

gt

4

=

Design of P(Y|C)



Start with a (deep) CBM, then extract rules post-hoc

We learn a DNN predicting task labels from the concepts
and predict the task from every possible input combination

This results in a truth table where we can easily extract rules from

Opaque

Concepts DNN

Task

= .‘} -’»&

AA
Ce
Ty QN9

4

=

s 1 g

Ry - (NOT ) or LX

D

esign of P(Y|C)



Start with a (deep) CBM, then extract rules post-hoc

We can use this approach to construct a
mapping concepts to downstream tasks

This allows us to capture non-linear relationships between
concepts and tasks using human-understandable logic rules

Design of P(Y|C)



Start with a (deep) CBM, then extract rules post-hoc
We can use this approach to construct a

mapping concepts to downstream tasks

: #forward passes required for this is exponential on the #concepts!

Design of P(Y|C)



Efficiently constructing logic-based predictors &

One approach for efficiently construct a logic-based predictor is:

Step 1: Filter concept activations using learnable attention weights a

Learnable Filtered
Concept i N
o attention concept
activations . .
weights activations
— L _— -— _— -—
\ L/ \] L/
l
\ g \ g
- 0.9 .‘m‘ i
gi @ 0.1
Q)
& 0‘2
- - - - - ’ -
A A
C a C

[1] Barbiero et al. "Entropy-based logic explanations of neural networks." AAAT (2022).

Design of P(Y|C)


https://arxiv.org/abs/2106.06804

Efficiently constructing logic-based predictors

One approach for efficiently construct a logic-based predictor is:

Step 2: Solve task with the (small) set of selected concepts

Learnable Filtered
Concept u -
o attention concept
activations . o
weights activations
- - - - - - Opaque
\ L/ \] L/
1 DNN
e 0.9 T “
Olu =]~ P RE> =
@'i 0.1 O
& W,
- ~ - - - - A’ -
C a C

[1] Barbiero et al. "Entropy-based logic explanations of neural networks." AAAT (2022).

Design of P(Y|C)


https://arxiv.org/abs/2106.06804

Efficiently constructing logic-based predictors

One approach for efficiently construct a logic-based predictor is:

Step 3: Derive rules from the (much smaller) truth table

Learnable Filtered
Concept u -
o attention concept
activations . o
weights activations
- - - - - - Opaque
\ L/ \] L/
1 DNN
e 0.9 T “
Olu =]~ P RE> =
@'i 0.1 O
& W,
- ~ - - - - A’ -
C a C

[1] Barbiero et al. "Entropy-based logic explanations of neural networks." AAAT (2022).

Transparent
symbolic sentence

Ry - (NOT $3F or X

Design of P(Y|C)


https://arxiv.org/abs/2106.06804

Neurosymbolic task predictors
So far, the logic rules were a prior: they are the same for any input X

We can also make the rules a ,l.e.,

Design of P(Y|C)



Neurosymbolic task predictors

ICML 23 NeurIPS 24

Generally, such NeSy predictors are constructed as follows:

Step 1: DNNs parametrize both concepts & rule parameters
Step 2: A symbolic engine executes rules using predicted concepts

Concepts

! R
ﬂ ®

Concept Encoder P(C|X)

Logic rule

7
P * _‘C1 A 02
L~

[1] Barbiero et al. "Interpretable neural-symbolic concept reasoning." International Conference on Machine Learning. PMLR, 2023. Dresian of BIIE)
C \ .
[2] Debot et al. "Interpretable concept-based memory reasoning." NeurlPS 2024.



https://arxiv.org/abs/2304.14068
https://arxiv.org/abs/2407.15527

Neurosymbolic task predictors

ICML 23 NeurIPS 24

Generally, such NeSy predictors are constructed as follows:

Step 1: DNNs parametrize both concepts & rule parameters
Step 2: A symbolic engine executes rules using predicted concepts

What?

Concept Encoder P(C|X) Concepts

Logic rule

7
P * _‘01 A CQ
L~

[1] Barbiero et al. "Interpretable neural-symbolic concept reasoning." International Conference on Machine Learning. PMLR, 2023. D@ 6 P‘Y\C‘
" . " - oly > \ 7
[2] Debot et al. "Interpretable concept-based memory reasoning." NeurlPS 2024.



https://arxiv.org/abs/2304.14068
https://arxiv.org/abs/2407.15527

Memory-based NeSy predictors

We can build a Concept-based Memory Reasoner (CMR) by:

Step 1: Predict concept probabilities P(C|X) using a DNN

Concepts

] -0
L -09
® -

Concept Encoder P(C | X)

glo “P(YIC)
[1] Debot et al. "Interpretable concept-based memory reasoning.”" NeurIPS 2024. Design of F Y‘(“



https://arxiv.org/abs/2407.15527

Memory-based NeSy predictors

We can build a Concept-based Memory Reasoner (CMR) by:

Step 2: Select a rule “embedding” from a learnable “rulebook” using a DNN

Concepts

] -0
L -09
® -

Concept Encoder P(C | X)

Rulebook
CY | |
2 |

glo “P(YIC)
[1] Debot et al. "Interpretable concept-based memory reasoning.”" NeurIPS 2024. Design of F Y‘(“
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Memory-based NeSy predictors

We can build a Concept-based Memory Reasoner (CMR) by:

Step 2: Select a rule “embedding” from a learnable “rulebook” using a DNN

Concepts

Concept Encoder P(C | X)

ST P D)
[1] Debot et al. "Interpretable concept-based memory reasoning.”" NeurIPS 2024. Design of F Y‘L'
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Memory-based NeSy predictors

We can build a Concept-based Memory Reasoner (CMR) by:

Step 3: Decode the rule embedding into three states per concept using a DNN (= rule parameters)

Concepts

,[ﬁi

Rule Selection P(s | X) Rule Decoding P(© | s)

Concept Encoder P(C | X)

Positive

-V—'Cl /\CQ

Logic rule

Negative

Irrelevant

2glo - P( )
[1] Debot et al. "Interpretable concept-based memory reasoning.”" NeurIPS 2024. Design of P(Y|C



https://arxiv.org/abs/2407.15527

Memory-based NeSy predictors

We can build a Concept-based Memory Reasoner (CMR) by:

Step 4: Execute the rule combining concept states and concept activations

o ¢ Encodes P(C | X) Concepts
oncept Encoder Interpretable _¢g%
f
@J_ . -‘ execution
m- P (1 — 0.2)X0.9X 1 meep- )
’Eo‘

Positive

-V—'Cl /\CQ

Logic rule

Negative

Irrelevant

Design of P(Y|C)

[1] Debot et al. "Interpretable concept-based memory reasoning.”" NeurIPS 2024.



https://arxiv.org/abs/2407.15527

Properties of CMR

These steps enable CMR to:

1. Become a universal approximator akin to opaque DNNs
irrespective of the used concept set

. " o Design of P(Y|C)
[1] Debot et al. "Interpretable concept-based memory reasoning.”" NeurIPS 2024. oigit -
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Properties of CMR

These steps enable CMR to:

1. Become a universal approximator akin to opaque DNNs
irrespective of the used concept set

— | models with posterior Z (e.g. CMR)

models with prior Z
. /
Y accC Black box

CBM+DT

CBM+MLP
CBM+XG
CEM

CMR

number of concepts

. . o Design of P(Y|C)
[1] Debot et al. "Interpretable concept-based memory reasoning.”" NeurIPS 2024. =5 :
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Properties of CMR

These steps enable CMR to:
1. Become a universal approximator akin to opaque DNNs

2. Provide both local and global interpretability

Rule Decoding P(0 | s)
Rulebook '
e HEN
e HNH

—C1 A Co

AN
—_
G2 Ch1 A Cs

Inference mechanisms can only be selected from a finite set of rules!

ST P D)
[1] Debot et al. "Interpretable concept-based memory reasoning.”" NeurIPS 2024. Design of F Y‘L'
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Properties of CMR

These steps enable CMR to:
1. Become a universal approximator akin to opaque DNNs

2. Provide both local and global interpretability

3. Allow formal verification of desirable properties

Rulebook
~C1 ACy| + property — - Sb <
Ci NC;s

"Does a property hold no matter which rule is selected?”

[1] Debot et al. "Interpretable concept-based memory reasoning.”" NeurIPS 2024. Design of P:Y‘(“‘



https://arxiv.org/abs/2407.15527

Task Predictors

Locally-linear Neurosymbolic Causal
Predictors Predictors Predictors

Design of P(Y|C)



Causal task predictors

Most CBMs make a conditional-independence assumption between concepts:

P(C1, 02| X) = P(C1|X) - P(Cs]X)

which is



Causal task predictors

Most CBMs make a conditional-independence assumption between concepts:

P(Cy, Co|X) = P(C1]X) - P(C|X)
which is
Why is this a problem?

- Incorrect uncertainty quantification / Cl \

- Poor intervenability

Design of P(Y|C)



Causal task predictors

A concept intervention sets a concept prediction to some specific value

e.g. P(Y|X,do(Cy; =1))

4

Bl e
W/
)

Design of P(Y|C)



Causal task predictors

A concept intervention sets a concept prediction to some specific value

e.g. P(Y|X,do(Cy =1))

e 3

Intervene
~ - E’ w10 /\

May affect the task
prediction!

\V

Design of P(Y|C)



Causal task predictors

A concept intervention sets a concept prediction to some specific value

e.g. P(Y|X,do(Cy =1))

Intervene
\ - -
\ 1/
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: concepts do not influence each other
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May affect the task
prediction!
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Causal task predictors

Causal predictors explain how concepts affect other concepts and task!

Design of P(Y|C)



Causal opacity

However, for this it is important to understand make a distinction between:
1. Causal reliability
2.

Design of P(Y|C)



Causal opacity

However, for this it is important to understand make a distinction between:
1. Causal reliability: discover causal mechanism of the data generating process
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Causal opacity

However, for this it is important to understand make a distinction between:
1. Causal reliability: discover causal mechanism of the data generating process
2. discover causal mechanism of a model’s inference process

Design of P(Y|C)



Concept graph models

We can build a causal label predictor that explicitly uses a concept graph:

Causal concept dependencies of
the inference mechanism

[1] Dominici et al. "Causal Concept Graph Models: Beyond Causal Opacity in Deep Learning." ICLR 2025.

[2] Moreira et al. "Diconstruct: Causal concept-based explanations through black-box distillation.” CLeaR 2024. Design of P(Y|C)

[3] Debot et al. "Interpretable Hierarchical Concept Reasoning through Attention-Guided Graph Learning." Arxiv 2025.



https://arxiv.org/abs/2405.16507
https://arxiv.org/abs/2401.08534
https://arxiv.org/abs/2506.21102

Concept graph models

Different approaches use different functions: e.g.

\ g
\ I/
\ g

-

g(x)

<

X

Causal concept dependencies of
the inference mechanism

[1] Dominici et al. "Causal Concept Graph Models: Beyond Causal Opacity in Deep Learning." ICLR 2025.

[2] Moreira et al. "Diconstruct: Causal concept-based explanations through black-box distillation.” CLeaR 2024. Design of P(Y|C)

[3] Debot et al. "Interpretable Hierarchical Concept Reasoning through Attention-Guided Graph Learning." Arxiv 2025.



https://arxiv.org/abs/2405.16507
https://arxiv.org/abs/2401.08534
https://arxiv.org/abs/2506.21102

Concept graph models

Different approaches use different functions: e.g. neural networks + logic rules

Causal concept dependencies of
the inference mechanism

[1] Dominici et al. "Causal Concept Graph Models: Beyond Causal Opacity in Deep Learning." ICLR 2025.
[2] Moreira et al. "Diconstruct: Causal concept-based explanations through black-box distillation.” CLeaR 2024. Design of P(Y|C)

[3] Debot et al. "Interpretable Hierarchical Concept Reasoning through Attention-Guided Graph Learning." Arxiv 2025.



https://arxiv.org/abs/2405.16507
https://arxiv.org/abs/2401.08534
https://arxiv.org/abs/2506.21102

Concept graph models

The concept graph itself can be:
1. Given as a prior

[1] Dominici et al. "Causal Concept Graph Models: Beyond Causal Opacity in Deep Learning." ICLR 2025.
[2] Moreira et al. "Diconstruct: Causal concept-based explanations through black-box distillation.” CLeaR 2024. Design of P(Y|C)

[3] Debot et al. "Interpretable Hierarchical Concept Reasoning through Attention-Guided Graph Learning." Arxiv 2025.



https://arxiv.org/abs/2405.16507
https://arxiv.org/abs/2401.08534
https://arxiv.org/abs/2506.21102

Concept graph models

The concept graph itself can be:
1. Given as a prior
2. Learnt from data via causal discovery methods

[1] Dominici et al. "Causal Concept Graph Models: Beyond Causal Opacity in Deep Learning." ICLR 2025.

[2] Moreira et al. "Diconstruct: Causal concept-based explanations through black-box distillation.” Cl.eaR 2024. Design of P(Y|C)

[3] Debot et al. "Interpretable Hierarchical Concept Reasoning through Attention-Guided Graph Learning." Arxiv 2025.



https://arxiv.org/abs/2405.16507
https://arxiv.org/abs/2401.08534
https://arxiv.org/abs/2506.21102

Concept graph models

The concept graph itself can be:

1. Given as a prior

2. Learnt from data via causal discovery methods

3. Learnt end-to-end via (differentiable) DAG learning

Differentiable
DAG learning

[1] Dominici et al. "Causal Concept Graph Models: Beyond Causal Opacity in Deep Learning." ICLR 2025.

[2] Moreira et al. "Diconstruct: Causal concept-based explanations through black-box distillation.” Cl.eaR 2024. Design of P(Y|C)

[3] Debot et al. "Interpretable Hierarchical Concept Reasoning through Attention-Guided Graph Learning." Arxiv 2025.



https://arxiv.org/abs/2405.16507
https://arxiv.org/abs/2401.08534
https://arxiv.org/abs/2506.21102

Concept graph models and intervenability

concept
accuracy

number of concepts interventions

[1] Dominici et al. "Causal Concept Graph Models: Beyond Causal Opacity in Deep Learning." ICLR 2025.
[2] Vandenhirtz et al. "Stochastic Concept Bottleneck Models.” NeurIPS 2024. Design of P(Y|C)

[3] Debot et al. "Interpretable Hierarchical Concept Reasoning through Attention-Guided Graph Learning." Arxiv 2025.



https://arxiv.org/abs/2405.16507
https://arxiv.org/abs/2406.19272
https://arxiv.org/abs/2506.21102

Further causal task predictors

Recent causal task predictors include:

DiConstruct Causally Interpretable Models
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[1] Moreira et al. "Diconstruct: Causal concept-based explanations through black-box distillation." CLeaR (2024).
[2] Hwang et al. "From black-box to causal-box: Towards building more interpretable models." NeurIPS (2025).
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https://arxiv.org/abs/2401.08534
https://arxiv.org/abs/2510.21998

Sidechannels

Many models replace the with a posterior p(Z|X) (a "sidechannel"),
which makes the model significantly more expressive and accurate

Is there no downside to this?

TE

X Y
\‘/v

[1] Debot et al. "Quantifying the Accuracy-Interpretability Trade-Off in Concept-Based Sidechannel Models." Arxiv 2025 Design of P(Y|C)



https://arxiv.org/abs/2510.05670

Influence of sidechannels

: predictions are made not only using human-understandable concepts,
but also using uninterpretable latent information

This hurts interpretability!
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Influence of sidechannels

: predictions are made not only using human-understandable concepts,
but also using uninterpretable latent information

This hurts interpretability!

/C\Y
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Influence of sidechannels

: predictions are made not only using human-understandable concepts, b
also using uninterpretable latent information

This hurts interpretability!
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https://arxiv.org/abs/2510.05670

Can we compare the two?

We consider this We don't know how

fully interpretable interpretable this is

Design of P(Y|C)


https://arxiv.org/abs/2510.05670

A metric for sidechannel reliance

The more a model relies on this sidechannel, the less interpretable it is

3 "How often does the
SIS = Epr(X> [:ﬂ_[yw — ]] sidechannel not influence

the model's decision?"

[1] Debot et al. "Quantifying the Accuracy-Interpretability Trade-Off in Concept-Based Sidechannel Models." Arxiv 2025 Design of P(Y|C)



https://arxiv.org/abs/2510.05670

A metric for sidechannel reliance

The more a model relies on this sidechannel, the less interpretable it is

3 "How often does the
SIS = Epr(X> [:ﬂ_[yw — ]] sidechannel not influence

the model's decision?"

Zp clx) - p(z]z) - p(yle, 2)
= Zp clz) - p(z) - p(yle, 2)
c,z

Metric can also be regularized for during training!

[1] Debot et al. "Quantifving the Accuracy-Interpretability Trade-Off in Concept-Based Sidechannel Models." Arxiv 2025 Desic gn of P(Y|C)



https://arxiv.org/abs/2510.05670

Sidechannels in practice

Expressive p(Y|C,Z)

regularization

0.825 0.840
Accuracy

Standard CBM training results
in uninterpretable CBMs

A bit of regularization vastly
improves interpretability

[1] Debot et al. "Quantifying the Accuracy-Interpretability Trade-Off in Concept-Based Sidechannel Models." Arxiv 2025 Dcsign of P(Y|C)


https://arxiv.org/abs/2510.05670

Sidechannels in practice

Expressive p(Y|C,Z) Expressive p(Y|C,Z)

regularization

0.825 0.840 0 0.960 ) 0.966
Accuracy Accuracy
Standard CBM training results CBMs rely on the sidechannel
in uninterpretable CBMs even when unnecessary
A bit of regularization vastly Not when regularizing for SIS

improves interpretability

[1] Debot et al. "Quantifying the Accuracy-Interpretability Trade-Off in Concept-Based Sidechannel Models." Arxiv 2025
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Sidechannels in practice

Expressive p(Y|C,Z) Expressive p(Y|C,Z) Non-expressive p(Y|C,Z)

regularization

0.825 0.840 0 0.960 ) 0.966
Accuracy Accuracy Accuracy
Standard CBM training results CBMs rely on the sidechannel Do not use non-expressive task
in uninterpretable CBMs even when unnecessary predictors on expressive tasks
A bit of regularization vastly Not when regularizing for SIS Accuracy and interpretability

improves interpretability are mutually exclusive then

[1] Debot et al. "Quantifying the Accuracy-Interpretability Trade-Off in Concept-Based Sidechannel Models." Arxiv 2025 Design of P(Y|C)


https://arxiv.org/abs/2510.05670

Thank you

Locally-linear Neurosymbolic Causal
Predictors Predictors Predictors

Design of P(Y|C)
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Annotated tensors

Annotations: define concept names and domains

annotations = pyc.Annotations(
labels=["smoking", "genotype", "tar"],
C inalities=[1, 3, 1],
types=["binary", "categorical", "continuous"],

Annotated Tensors



Annotated tensors

Annotations: define concept names and domains

Annotated tensors: enable concept-based operations on torch tensors

0 0 1 0 -3.1
1 1 0 0 4.2
0 1 0 0 2.3

000 .}ig
annotations = pyc.Annotations(
Labels=["smoking", "genotype", "tar"l],
cardinalities=[1, 3, 1],
types=["binary", "categorical", "continuous"],

)

tensor = pyc.AnnotatedTensor(
data=torch.randn(10, 5), # (batch_size, sum(cardinalities))
notation=annotations,

)

smoking = tensor["smoking"] # slice by concept name
binary = tensor.split_by_type("binary") # slice by concept type

Annotated Tensors
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Building blocks of interpretable models

c:/Z/x(C—=C

“Base concept module”

Concept can be
predicted from
other concepts

When the task

is a concept b:ZxC =Y o0o )

“Task predictor” class BaseConceptLayer(ABC, torch.nn.Module):
"""Abstract base class for concept layers...."""
def (

'
out_concepts: Union[int, AxisAnnotation],
in_concepts: Union[int, AxisAnnotation] = None,

100% “opaque 100% “interpretable
signature” signature” in_embeddings: Union[int, AxisAnnotation] = None,
*args,
S svkovargs,

C:Z—>CJ Lf.z—mj qu;c—mj

“Concept encoder”

x(gw o ) = x ()

Symmetry I

“Task predictor from Z” “Task predictor from C”

(V)T = (V)T KP(V©(6(e))) = e, 6(0) KP(V¥g) = 0

Symmetry II Symmetry ITI

Blueprint for interpretable models
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Intervention strategies = how to intervene

0.8

0 0.5

ground truth data

Interventions & control



0.8

0.5

Intervention strategies = how to intervene

1

ground truth data

I

do(ctar deposit —

Interventions & control

1)



Intervention policies = where to intervene

Random policy

Interventions & control



Intervention = strategy + policy

strategy

original values intervened values

policy

Interventions & control



Interventions & control

INTERPRETABLE MODELS SUPPORT

‘..ln

[1] Koh, et al. "Concept bottleneck models." International conference on machine learning. PMLR, 2020.

embedding_encoder = torch.nn.Sequential(
torch.nn.Linear(n_features, embedding_dims),
torch.nn.LeakyReLU(),
)
c_encoder = pyc.nn.LinearEmbeddingToConcept(
=embedding_dims,
=annotations
)
y_predictor = pyc.nn.LinearConceptToConcept(
=concept_dims,
=task_dims
)
model = torch.nn.ModuleDict({
"embedding_encoder": embedding_encoder,
"concept_encoder": c_encoder,
"task_predictor": y_predictor
19
embeddings = model["embedding_encoder"](x_train)
c_pred = model["concept_encoder"](embeddings)
y_pred = model["task_predictor"](c_pred)

Interventions & control



Interventions & control

INTERPRETABLE MODELS SUPPORT

CAUSAL EFFECT
ESTIMATION

CONTROL

m e &

DEBUGGING

f
n.-»-» &
V4 A

ground truth data

[1] Koh, et al. "Concept bottleneck models." International conference on machine learning. PMLR, 2020.

000 @

concept_encoder_intervened = pyc.nn.InterventionModule(
model["concept_encoder"],
=pyc.nn.GroundTruthIntervention(c_train),
=pyc.nn.UniformPolicy(),
=["tar"]
)

c_pred_intervened = concept_encoder_intervened(embeddings)

Interventions & control



Interventions & control

INTERPRETABLE MODELS SUPPORT

B
"'E;;b “““““‘\ 1!E!!q!! .

CONTROL DEBUGGING

do(ctar deposit — 0

PPN
; - 5 -
l A /

1 ]

compare

l< - - - - - >

1 ]

do(ctar deposit — 1

[1] Goyal et al. "Explaining classifiers with causal concept effect (cace)." arXiv preprint arXiv:1907.07165 (2019).

concept_encoder_intervened_1 = pyc.nn.InterventionModule(
model["concept_encoder"],
=pyc.nn.DoIntervention( =1.8),
=pyc.nn.UniformPolicy(),
=["tar"]
)
c_pred_intervened_1 = concept_encoder_intervened_1(embeddings)

concept_encoder_intervened_8 = pyc.nn.InterventionModule(
model["concept_encoder"],
=pyc.nn.DoIntervention( =0.08),
=pyc.nn.UniformPolicy(),
=["tar"]
)

c_pred_intervened_8 = concept_encoder_intervened_8(embeddings)

avg_treatment_effect = pyc.nn.functional.cace_score(
c_pred_intervened_8,
c_pred_intervened_1

i

Interventions & control
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Interventions & control

INTERPRETABLE MODELS SUPPORT

A I

INTERVENTIONS CaSs e

ESTIMATION

DEBUGGING

Minimal change in concepts

@@

s.t. cancer changes
True - False?
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Interventions & control

000 .t
INTERPRETABLE MODELS SUPPORT o4
{ 7 l y_target = torch.ones(batch_size, out_module_size)
\ concept_encoder_intervened = pyc.nn.InterventionModule(
— \ del[" t der"]
CAUSAL EFFECT Minimal change in concepts ROUELLECONCEPEESNCOUER .y

INTERVENTIONS ¢ oriMATION DEBUGGING s.t. cancer changes pyc.nn.ContrastiveIntervention(
True - False? t =y_target,

=model["task_predictor"],
L.
pyc.nn.UniformPolicy(),
)
- c_pred_contrastive = concept_encoder_intervened(

- embeddings[:batch_size]

)

_______ { y_pred_contrastive = model["task_predictor"](

f .

1 c_pred_contrastive

| :\. - l - )

U

I -

1

1

1

~A

st. o(c") =

optimisation problem to
satisfy user request

" . . . .. N . . . Interventions & control
[1] Wachter et al. "Counterfactual explanations without opening the black box: Automated decisions and the GDPR." arXiv preprint arXiv:1711.00399 (2017).
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CAUSAL EFFECT
INTERVENTIONS ESTIMATION

CONTROL
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@ User cannot easily
>, .
78 validate task
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Interventions & control

INTERPRETABLE MODELS SUPPORT

A @ E

ESTIMATION . o000 . @
.

INTERVENTIONS CaSs e CONTROL

User can easily @, User cannot easily
. D .
‘ validate concepts 77\ validate task concept_encoder_intervened = pyc.nn.InterventionModule(

model["concept_encoder"],
=pyc.nn.GroundTruthIntervention(c_train),

- - =pyc.nn.UniformPolicy(),
=["tar"]

)

c_pred_intervened = concept_encoder_intervened(embeddings)

@]—»
p

L

= | cancer

domain expert

7 " . . . Interventions & control
[1] Koh, et al. "Concept bottleneck models." International conference on machine learning. PMLR, 2020. PIECTVEREOHS S COnto
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Random variables

tar = pyc.ConceptVariable(
names: "tar",

=Bernoulli

Blueprint for probabilistic interpretable ML



Random variables

tar = pyc.ConceptVariable(
names: "tar",
Lon=Bernoulli
)
mutations = pyc.ConceptVariable(
names: "cancer",

Lon=Normal

Blueprint for probabilistic interpretable ML



Parametric conditional probability distributions

1. &~

parametric
function

Blueprint for probabilistic interpretable ML



Parametric conditional probability distributions

function
parameters

distribution
parameters

000 @

cancer_cpd = pyc.nn.ParametricCPD(

cancer,
=[tar, smoking],
={
“loc": pyc.nn.LinearConceptToConcept( =2, =1)7

"scale": pyc.nn.Sequential(
*args: pyc.nn.LinearConceptToConcept( =2, =1),
torch.nn.Softplus()

Blueprint for probabilistic interpretable ML



Interpretable probabilistic models
000 @

Ve GPeEseaEseasaeaEasasasaEasaEaaaEat N ™\ X_var = pyc.nn.EmbeddingVariable(

. names: "x",
=Delta,
N =n_features

)

8 %: 2: % C % i c_var = pyc.nn.ConceptVariable(
5 ; names: "concepts",

=["tar", "smoking"],
=Bernoulli
)
y_var = pyc.nn.ConceptVariable( names: "cancer", =Normal)

—/ input_cpd = pyc.nn.ParametricCPD(

Blueprint for interpretable

TR x_var, =[1,
probabilistic models =pyc.nn. LearnablePrion (<1ze=1)
)
concepts_cpd = pyc.nn.ParametricCPD(
c_var, =[x_var],
={

"logits': pyc.nn.LinearEmbeddingToConcept(n_features,

PROBABILISTIC CONCEPT BOTTLENECK MODEL -

cancer_cpd = pyc.nn.ParametricCPD(
' latent Vel i
‘ ardeposic
Hb 8(5

cancer,
=[c_var],
={
“loc”: pyc.nn.LinearConceptToConcept( =2,

“scale": pyc.nn.Sequential(
*args: pyc.nn.LinearConceptToConcept( =2,
torch.nn.Softplus()

~

)

model = pyc.nn.BayesianNetwork(

p(y,c|x;04,0.,0,) = | p(y | c;04)p(c| 2 0c)p(z | x;0)dz sl L
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Ancestral sampling
(Y 1 @

model = pyc.nn.BayesianNetwork(
=[x_var, c_var, y_var],

=[input_cpd, concepts_cpd, cancer_cpd]

inference = pyc.nn.AncestralSamplingInference(model)
cancer_pred_sampled = inference.query(
=["cancer"],
={
“tar": c_true["tar"].tensor,

inference = pyc.nn.DeterministicInference(model)
cancer_pred_deterministic = inference.query(

=["cancer"],
={

“tar": c_true["tar"].tensor,

Blueprint for probabilistic interpretable ML




Interventional inference

(11} @

with pyc.nn.intervention(

INTERPRETABLE MODELS SUPPORT
model,
pyc.nn.GroundTruthIntervention(c_true["tar"].tensor),

pyc.nn.UniformPolicy(),

B te ="concepts",
T 0_i v ="logits",
r____\l - i i ‘=["tar\"]
|
latent var | §§ ) § )i
L J cancer_pred_intervened = inference.query(

ry=["cancer"],
={
"tar": c_true["tar"].tensor,

ground truth data

Blueprint for probabilistic interpretable ML
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High-level API

Torch-style _.;f

Lightning-style

Out-of-the-box Models

(11 @

# Initialize the CBM

model = ConceptBottleneckModel(
input_size=n_features,
annotations=concept_annotations,
variable_distributions=variable_distributions,
task_names=task_names,
latent_encoder_kwargs={'hidden_size': 16, 'n_layers': 1}

(11 @

model = ConceptBottleneckModel(

input_size=n_features,

annotations=annotations,
variable_distributions=variable_distributions,
task_names=["'xor'],

latent_encoder_kwargs={'hidden_size': 16, 'n_layers': 1},
# Inference engines (both default to DeterministicInference)
inference=DeterministicInference,
train_inference=DeterministicInference,

# Lightning kwargs

lightning=True,

loss=1loss,

optim_class=optim,

optim_kwargs=optim_kwargs



Steerling-8B

Known Concept Module

f(h) X G
e ( 1 J

embedding

Unknown Concept Module

from torch_concepts.steerling import SteerlingModel
f i A M A . . steerling_model = SteerlingModel(
Alice | M gh) X — Alice likes ice cream o0
Unknown concept [ -
embedding = v
=False
Residual )

Concept-based LLM with 8Bn parameter
by

) GuideLabs

[1] GuideLabs "Scaling Inherently Interpretable Language Models." Technical report (2026).



Baby Steerl

Known Concept Module

f(h X K —

Known concept
embedding

Unknown Concept Module

ice cream — Transformer —

Unknown concept
embedding

Residual

PyC

k

a

[1] PyC Team “Baby Steerling”. https://github.com/pyc-team/babysteerling.

0

LM
Head

— Alice

likes

ice cream
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[.oss

Automatic type-aware routing: Pass it to the model:

3 [

loss = ConceptLoss( # Initialize the CBM

annotations=annotations, mode? = Con?eptBottleneckModel(
input_size=n_features,

bina ry= [ annotations=annotations,
nn.BCEWithLogitsLoss(), variable_distributions=variable_distributions,
L1LogitRegularizer(scale=0.01) task_names=["xor'],
] latent_encoder_kwargs={'hidden_size': 16, 'n_layers': 1},
'. ) lightning=True,
binary_weights = [1.0, 0.5], [Toss=Toss_fn, |
categorical = nn.CrossEntropylLoss(), metrics=metrics,

optim_class=torch.optim.Adamw,

ntin = nn.MSELoss
=) 2hok 0 optim_kwargs={'lr': 0.02}



Metrics

Support for: Automatic type-aware routing:
00 .
i PyTorch metrics metrics = Conceptitetrics( ‘B
. annotations=annotations,
(concept accuracy ) summary=True, # enable averaged metrics across all concepts of the same type
! per_concept=True, # enable per-concept metrics
binary={

# Pre-instantiated

'accuracy': torchmetrics.classification.BinaryAccuracy(),

# Class + kwargs

'f1': (torchmetrics.classification.BinaryF1Score, {'threshold': 0.5}),

»¢_ | (interventions, leakage, ...) Mielshgalol

AL WITH NOTHING TO Hi

.
® .
.

.

'precision': torchmetrics.classification.BinaryPrecision
i
categorical={
# Class + kwargs
‘accuracy': (torchmetrics.classification.MulticlassAccuracy, {'average': 'micro'}),
# Class only
'f1': torchmetrics.classification.MulticlassF1Score
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onceptarium

Main cfg: Model cfg: d Dataset cfg:

defaults:
- _default defaults: defau;‘;s&
- self - _commons -
Siselifs _target_: torch_concepts.data.datamodules.celeba.CelebADataModule
hydra: o o
i # wrapper for 'joint' training mode name: celeba
JJek _target_: "torch_concepts.nn.ConceptBottleneckModel"
name: test # backbone handling and embedding precomputation
sweeper: task_names: ${dataset.default_task_names} backbone: facebook/dinov2-base eeee
# standard grid search PUEcoIpUEE ey e
. force_recompute: false
params: inference:
seed: 1,2,3,4,5 _target_: "torch_concepts.nn.DeterministicInference" # Task label - which CelebA attribute to predict

dataset: celeba, asia, sachs _partial_: true default_task_names: [Attractivel
model: cbm, cem

loss: weighted
loss.concept_weight: 8
loss.task_weight: 1

# splitter
splitter:
_target_: torch_concepts.data.splitters.native.NativeSplitter

# all CelebA attributes are binary facial features
label_descriptions: null

And then...

CUDA_VISIBLE_DEVICES=1 python conceptarium/run_experiment.py —-config-name sweepl]]
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