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Introduction: Critique and Formalism



Where Art Thou, Critique?

o Kirschenbaum (2023):
Bender et al.’s (2021) paper “offers a disarmingly linear account of how language,
communication, intention, and meaning work, one that would seem 1o sidestep
decades of scholarship around these same issues in literary theory [...] the
passage would be red meat for a graduate critical-theory seminar.”

o Underwood (2023):
“The beautiful irony of this situation [...] is that a generation of humanists trained on
Foucault have now rallied around “On the Dangers of Stochastic Parrots” to
oppose a theory of language that their own disciplines invented, just at the
moment when computer scientists are reluctantly beginning to accept it.”
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Empiricism and Formalism in Machine Learning



An Empiricist Turn?

Interpretability as a Natural Science o .
The Empiricization of Computer Science

The Structure of Scientific Revolutions by Thomas Kuhn[42] is a classic text on the history @ MANOEL HORTA RIBEIRO
DEC 17, 20

and sociology of science. In it, Kuhn distinguishes between “normal science” in which a

scientific community has a paradigm, and "extraordinary science” in which a community

. N N . . Q1 pDe O3 Share
lacks a paradigm, either because it never had one or because it was weakened by crisis. It's
worth noting that “extraordinary science” is not a desirable state: it's a period where
researchers struggle to be productive. Yet the nature of computer science has changed tremendously: it is now an empirical

science, driven by observation and experiment as much as by theory and
construction. If you don't believe me, spend 5 minutes going over the best paper
awards for three conferences in different subfields in CS. If you did so in 2025, you
might have found papers like “Characterizing and Detecting Propaganda-Spreading
i . n i ing Mental Health
s” (CSCW; Human
pching
for dealing with this, (Circa 2020) the scaling era s here; deep networks are now just emergent things JoCTP€ online user
especially those wit we have created, that have to be studied scientifically like any other physical dia, people using

phenomenon
which can evaluate

Kuhn's description of pre-paradigmatic fields feel eerily reminiscent of interpretability today.
9 There isn't consensus on what the objects of study are, what methods we should use to
answer them, or how to evaluate research results. To quote a recent interview with lan
Goodfellow: “For interpretability, | don't think we even have the right definitions.” [43]

One particularly chall

shared sense of ho The empirics of deep learning

wn examination of
It seemed like the best way for academic research to influence the field is to
develop the biology/physics (and let's be honest, more often pop psychology) of
existing large models

But interpretability ct independently

neural networks are

HCI background ma al networks.

biology. Such work
be held to the stand

—_— v —_— B
s=And. this was.actually a very profitable areaiora very sort of lucrative

(Horta Ribeiro, 2025)
(Olah et al., 2020) Zico Kolter, Building Safe and Robust Al Systems, Keynote at ICLR 2025.


https://iclr.cc/virtual/2025/invited-talk/36782
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Empirical evaluation
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Empirical interpretability
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Empirical interpretability
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Empirical interpretability
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Implicit Structure

Structure Algorithm Input
ﬁ Grammar Translatior ] cosa. ..

[ Program }
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Making It Explicit

Structure Algorithm Input
/_—) /Qr’(;‘:m"me;:t: Translation Solo una cosa...

Theory l
Linguistics Tl
I Theoretical Formal  ~~._
o Interpretation Explanation el ) Program
“Task”
Translate Data Learning Model
\% (i1,01) Cost Function J
(i2,00) ——————— Architecture
Hyperparameters OUtpUt

One thing alone...
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Formal Explainability



Embeddings in LLMs

Epistemology of Machine Learning
Distributional Language Models

L

Tokenization Embedding

(Sennrich et al., 2016) (Mikolov et al., 2013) (Vaswani et al., 2017)

Ep

ist

em

ology

learning of
! Machine
(https://tiktokenizer.vercel.app) . o Learning
Distribution

al

Language

Models

Epistemology of Machine Learning
Distributional Language Models

(https://projector.tensorflow.org)

Distribution
al
Language
Models

(https://github.com/jessevig/bertviz)


https://tiktokenizer.vercel.app
https://projector.tensorflow.org
https://github.com/jessevig/bertviz

Embeddings in LLMs

Embedding
(Mikolov et al., 2013)

Epistemology of Machine Learning

= . . learning
Distributional Language Models :

(https://tiktokenizer.vercel.app)

(https://projector.tensorflow.org)


https://tiktokenizer.vercel.app
https://projector.tensorflow.org
https://github.com/jessevig/bertviz

Neural Embeddings

Epistemology of Machine Learning
Distributional Language Models

L

Embedding




Neural Embeddings

Structure
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word2vec Explained
(Levy & Goldberg, 2014)

(= Z Z #(w’ C)(log O-(U_j ' 5) +k- ]ECNNPD [IOgO'(—’Lﬁ . 5N)])

”UJEVwCGVc
o _ 5.8 = log (#weIDl) _
5g g =0 when @-¢ = log (£1210) —logk

o Word2vec performs an implicit, low-dimensional factorization of a
pointwise mutual information (pmi), word-context matrix.

» The Singular Value Decomposition (SVD) provides an exact solution to this
problem.



Embedding structure
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Embedding structure
Structure
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From matrices to distributional operators

M: X xY =R
(,y) — pmi(z,y)

M. M*: RY — RY
M*M,: RY = RY



From matrices to distributional operators

M: X xY =R

(z,y) = pmi(z,y) {ut, ..., um} C R*

{v1,...,u,} CRY

X ————RY {A - Amin (myn): 0, - -+, 0}
M* ///:://
0 M, M*u; = My
/;// M* M, v; = \v;
RY ¢— v
My

The u; and v; are (linear)
fixed points!

M. M*: RY — RY
M*M,: RY = RY
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Embedding dimensions as fixed points
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Embeddings as Functors Over Categories

M: X xY =R

(z,y) = pmi(z,y) {ut, ..., um} C R*

{v1,...,u,} CRY

X ————RY {A - Amin (myn): 0, - -+, 0}
M* ///:://
0 M, M*u; = My
/;// M* M, v; = \v;
RY ¢— v
My

The u; and v; are (linear)
fixed points!

M. M*: RY — RY
M*M,: RY = RY



Embeddings as Functors Over Categories

CoPx D — Set Fix(M. M) == {f € Set“" | M. M"(f) = f}
Fix(M*M.) := {g € (Set”)P| M M. (9) = g}

Nucleus of M = {(/, ¢:)}, such that:
Me Dyop M*fi =g and Mg & f;

5 Me TS
& T M N The nucleus is a category
cop g complete and cocomplete
Set +—— D
My

MoM* : Set® — SetC™® Categories C gncng can be enriched!
E.g: M*: R“™ = (RP)P: M,

MM : (Set”)P — (Set”)oP



The Nucleus of the Profunctor
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The Nucleus of the Profunctor
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The Nucleus of the Profunctor




The Nucleus of the Profunctor




Geometry of the Nucleus
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Geometry of the Nucleus
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Theory of Computational Types

Definition (Polar/Orthogonal - Girard, 2011)

[Gliven a binary operation, noted

a,b~ (alb): Ax B — C andasubset P C C (the ‘pole))
one can define the polar X~ C B of a subset X C A
(resp. YL C AofasubsetY C B)by:

X+ .= {y e B:Vz € X, (alb) € P}
Y1 :={zcA: VeV, (ab) € P}

S
o The map ‘polar’ is decreasing:
XcX' =X+tcxt S/V/ \V
o The set Pol(A) C P(A) of polar sets, i.e., of the
form Y+, is closed under arbitrary intersections. In / \ ‘
particular, A is polar and X+ is the smallest polar C C\(S)V) e
set containing X . | |
o Asaconsequence, X +++ = X+, t h

(Gastaldi and Pellissier, 2021)
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Theoretical Interpretability



From the Distributional to the Structuralist Hypothesis

Structure

Theory
“Task”

Juan Luis Gastaldi | Cri




From the Distributional to the Structuralist Hypothesis

CPxD — R Structure

Distributional Hypothesis

The content of linguistic units is determined
by their distribution in a corpus.
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Structuralist Hypothesis

From the Distributional to the Structuralist Hypothesis

CPxD — R Structure

Distributional Hypothesis

The content of linguistic units is determined
by their distribution in a corpus.

Linguistic content is the effect of a virtual
structure underlying linguistic practices
within a community

RCOP = (RD)op



Syntagmas and Paradigmes

1 2 3 4
(_the boy came home) o
(_one gir] went down )
( no man ran n_ )

.

(Hielmslev, 1971a)



Syntagmas and Paradigmes

1 2 3 4
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(Hielmslev, 1971a)



Syntagmas and Paradigmes

A B C D
the boy came home e
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| J | J | — —
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(Hielmslev, 1971a)



Syntagmas and Paradigmes

the boy came home .
one pirl went down
no man ran in

J | J . J . /

.9
e o e
tve
se 8

the man went home

(Hielmslev, 1971a)
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Conclusion: Al and Structuralism
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Structuralist Formalism

1) une voyelle neutre (amorphe), caractérisée par I'absence de chacune
des propriétés f, @, x, 4.1 [b]

2) quatre types élémentaires de voyelles, chacun caractérisé par une seule
propriété

[l=¢, @l =8, =% []=2
3) six voyelles distinctes, chacune caractérisée par deux propriétés :
(6] = 0B, ] = 1o, [u] = 1B, [e] = Ag, [0] = 4B, 0] = x2;
4) quatre voyelles combinées, chacune caractérisée par trois propriétés :

le] = xAo, [0] = 2B, (@] = By, (6] = BA;

5) une voyelle polymorphe, caractérisée par les quatre propriétés considé-
rées : la voyelle russe [11] = @Byl

On obtient alors le diagramme de la figure 2.

(Marcus, 1967)

Organigramme

Une idée, une seule :
celle d’applicationf: D —A
chap. T

N B

Une méthode : construire
Pensemble AP de toutes les
applications de D dans A
structurer cet ensemble.

i
| Chap. IL IIL IV !

T
S e

SiA={o1} sia {Ne'mbres}=o
Application : partie rationnels
de D. Application : vecteur.
La structure : les sim- structure : les vec-
plexes, Palgebre de toricls, Palgébre li-
Boole. néaire.

Chap. V, VI, VII, VIII

SiA={o1}
eeD=ExF
Application : relation
binaire entre E et F,
Chap. IX et X

Chap. XI, XII, XIIT

T

SiA=Q
et D = Q" (vectoriel)
Application : forme li-
néaire (si elle con-

serve + et .).
Chap. XIIT

(Barbut1967_T1)




‘S'il est vrai que [...] la classe
dominante constitue un espace
relativement autonome dont la
structure est définie par la
distribution entre ses membres
des différentes especes de capital,
[...] on doit retrouver ces
structures dans I'espace des
styles de vie [...]. C’est ce que
I'on a essayé d’établir en
soumettant a 'analyse des
correspondances I'ensemble des
données recueillies.”

Structuralist Social Sciences

LA BOURGEOISIE + Maluaxo

CAPITAL ECONOMIQUE=
CAPITAL CULTUREL +

.
bonse tranquelle

JEN MAIS DIFFE
4
4
sE) S
S
cef\ capZsans dipl.
CAPITAL ECONOMIQUE +
4 CAPITAL CULTUREL =~
% COMPOSITEURS
s

o FQSITIF peintuge ne m'intéresse pas
ANCIENNETE DANS'LA BOURGEOISIE =
pére cadre moyen | NET, PROPRE Dais 0O saake s

18-30 ans

(Bourdieu, 1979)



Collaborations
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