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Chomsky’s Generativist Program and the Cognitive Revolution

Cognition

Language Computation
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Chomsky vs. LLMs
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Chomsky against Abstraction in Principle

“Pick the properties that you like for a set of

processors. Pick the criteria you like for

success, whether in terms of performance

or structure or whatever. Consider the

class of all organisms, abstracting in

principle from the existing world, that satisfy

those things. And then you can ask

whether they have some property of

things in the material world. Do they

breathe? Do they grow? Do they think? Do

they talk? Do they walk? Do they enjoy

themselves? Do they have moral rights?”

(Chomsky, 1992)
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Chomsky against Abstraction in Principle

“All of these questions are stupid. And the

reason they’re stupid is because you’ve

departed from naturalism. Once you’ve

departed from naturalism, you have an

algorithm for constructing stupid

questions.”

(Chomsky, 1992)
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Chomsky against Abstraction in Principle

“There’s nothing wrong with principled

abstraction. In fact, one might think of large

areas of mathematics as that. But here we

have something new, principled

abstraction in an empirical discipline.”

“I don’t think we should cross that border,

because there’s no empirical claim. It is

just a question of how to extend the

metaphor.”

(Chomsky, 1992)
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The Condition of Chomsky’s Cognitive Foundations

Cognition

Language Computation
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The Trap
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Necessary Condition?

˛ Inadequacy of distributional models

(Chomsky, 1953)

Inconclusive

˛ The probability of a sentence is useless

(Chomsky, 1957, 1959)

Empirically challenged

˛ Limited expressive power of FSAs

(Chomsky, 1956)

The relevance is unclear

˛ Poverty of stimulus

(Chomsky, 1959)

Assumes what is to be proved

Language Computation

?
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Formal Explainability

Tokenization

(Sennrich et al., 2016)

Epistemology of Machine Learning

Distributional Language Models

(https://tiktokenizer.vercel.app)
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(Mikolov et al., 2013)
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The Structure of Embeddings
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Embeddings: Similarity and Analogy
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Embeddings: Other Applications
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The Structure of Embeddings
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word2vec Explained

(Levy and Goldberg, 2014)

` “
ř

wPVw

ř

cPVc

#pw, cqp log σp~w ¨ ~cq ` k ¨ EcN „PD
rlog σp´~w ¨ ~cN qsq

B`
Bp~w ¨ ~cq

“ 0 when ~w ¨ ~c “ log
´

#pw,cq¨|D|

#pwq¨#pcq

¯

´ log k

˛ 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.
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Example: Characters in Wikipedia
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SVD of Wikipedia Character PMI Matrix

U Σ V T

0 5 10 15 20 25 30 35

é
z
y
x
w
v
u
t
s
r
q
p
o
n
m
l
k
j
i
h
g
f
e
d
c
b
a
=
9
8
7
6
5
4
3
2
1
0
/
-

Loading [MathJax]/extensions/MathMenu.js

0 5 10 15 20 25 30 35

35

30

25

20

15

10

5

0

Loading [MathJax]/extensions/MathMenu.js

…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…
…

-
_
-

-
_
/

-
_
0

-
_
1

-
_
2

-
_
3

-
_
4

-
_
5

-
_
6

-
_
7

-
_
8

-
_
9

-
_
=

-
_
a

-
_
b

-
_
c

-
_
d

-
_
e

-
_
f …

é
_
i

é
_
j

é
_
k

é
_
l

é
_
m

é
_
n

é
_
o

é
_
p

é
_
q

é
_
r

é
_
s

é
_
t

é
_
u

é
_
v

é
_
w

é
_
x

é
_
y

é
_
z

é
_
é

35

30

25

20

15

10

5

0

Juan Luis Gastaldi | What are Neural Language Models the Model of? 16/38



Truncate

U ˆ Σ

D
1

D
2

D
3

D
4

D
5

D
6

D
7

D
8

D
9

D
1
0

D
1
1

D
1
2

D
1
3

D
1
4

D
1
5

D
1
6

D
1
7

D
1
8

D
1
9

D
2
0

D
2
1

D
2
2

D
2
3

D
2
4

D
2
5

D
2
6

D
2
7

D
2
8

D
2
9

D
3
0

D
3
1

D
3
2

D
3
3

D
3
4

D
3
5

D
3
6

D
3
7

D
3
8

D
3
9

é
z
y
x
w
v
u
t
s
r
q
p
o
n
m
l
k
j
i
h
g
f
e
d
c
b
a
=
9
8
7
6
5
4
3
2
1
0
/
-

Juan Luis Gastaldi | What are Neural Language Models the Model of? 17/38



Truncate
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What to conclude?
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The Structure of Embeddings
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But Why?

Effect of subsampling and rare-word pruning word2vec has two additional
parameters for discarding some of the input words: words appearing less
than min-count times are not considered as either words or contexts,
an in addition frequent words (as defined by the sample parameter) are
down-sampled. Importantly, these words are removed from the text before
generating the contexts. This has the effect of increasing the effective win-

dow size for certain words. According to Mikolov et al. [2], sub-sampling
of frequent words improves the quality of the resulting embedding on some
benchmarks. The original motivation for sub-sampling was that frequent
words are less informative. Here we see another explanation for its effec-
tiveness: the effective window size grows, including context-words which
are both content-full and linearly far away from the focus word, thus mak-
ing the similarities more topical.

4 Why does this produce good word represen-

tations?

Good question. We don’t really know.
The distributional hypothesis states that words in similar contexts have sim-

ilar meanings. The objective above clearly tries to increase the quantity vw · vc
for good word-context pairs, and decrease it for bad ones. Intuitively, this
means that words that share many contexts will be similar to each other (note
also that contexts sharing many words will also be similar to each other). This
is, however, very hand-wavy.

Can we make this intuition more precise? We’d really like to see something
more formal.
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Embeddings as Functions Over Sets
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Embeddings as Functions Over Sets

M˚M˚ : RX Ñ RX
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˚ as a Covariance Matrix
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Eigenvectors as Fixed Points

M˚M
˚u “ λu

- / 0 1 2 3 4 5 6 7 8 9 = a b c d e f g h i j k l m n o p q r s t u v w x y z é

é
z
y
x
w
v
u
t
s
r
q
p
o
n
m
l
k
j
i
h
g
f
e
d
c
b
a
=
9
8
7
6
5
4
3
2
1
0
/
-

ˆ
D
1

D
2

D
3

D
4

D
5

D
6

D
7

D
8

D
9

D
1
0

D
1
1

D
1
2

D
1
3

D
1
4

D
1
5

D
1
6

D
1
7

D
1
8

D
1
9

D
2
0

D
2
1

D
2
2

D
2
3

D
2
4

D
2
5

D
2
6

D
2
7

D
2
8

D
2
9

D
3
0

D
3
1

D
3
2

D
3
3

D
3
4

D
3
5

D
3
6

D
3
7

D
3
8

D
3
9

é
z
y
x
w
v
u
t
s
r
q
p
o
n
m
l
k
j
i
h
g
f
e
d
c
b
a
=
9
8
7
6
5
4
3
2
1
0
/
-

“ λ

D
1

D
2

D
3

D
4

D
5

D
6

D
7

D
8

D
9

D
1
0

D
1
1

D
1
2

D
1
3

D
1
4

D
1
5

D
1
6

D
1
7

D
1
8

D
1
9

D
2
0

D
2
1

D
2
2

D
2
3

D
2
4

D
2
5

D
2
6

D
2
7

D
2
8

D
2
9

D
3
0

D
3
1

D
3
2

D
3
3

D
3
4

D
3
5

D
3
6

D
3
7

D
3
8

D
3
9

é
z
y
x
w
v
u
t
s
r
q
p
o
n
m
l
k
j
i
h
g
f
e
d
c
b
a
=
9
8
7
6
5
4
3
2
1
0
/
-

Juan Luis Gastaldi | What are Neural Language Models the Model of? 25/38



Structural Features
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The Structure of Embeddings
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Binary Fixed Points
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Binary Fixed Points
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“Eigensets”
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Partial Order Structure
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Dual Partial Order
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Enriching over R̄

Cop ˆ D Ñ 2Cop ˆ D Ñ R̄
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Formal Explainability

Embedding

Nucleus and Types

Attention
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Take Aways

˛ A formal approach to data analysis can

contribute to inferring symbolic language

models from linguistic data.

˛ Resulting models are, a priori, models of

the data.

˛ The cognitive content of such models is

suspended, and cannot be restored without

raising the problem of the data.

˛ The scale of the data for such models

exceeds the individual scale.

˛ Cultural conditions of data production

become constitutive in the relation between

cognitive contents and language models.

Cognition
Culture

Cognition

Language Computation

Juan Luis Gastaldi | What are Neural Language Models the Model of? 37/38



Take Aways

˛ A formal approach to data analysis can

contribute to inferring symbolic language

models from linguistic data.

˛ Resulting models are, a priori, models of

the data.

˛ The cognitive content of such models is

suspended, and cannot be restored without

raising the problem of the data.

˛ The scale of the data for such models

exceeds the individual scale.

˛ Cultural conditions of data production

become constitutive in the relation between

cognitive contents and language models.

Cognition
Culture

Cognition

Language Computation

Juan Luis Gastaldi | What are Neural Language Models the Model of? 37/38



Take Aways

˛ A formal approach to data analysis can

contribute to inferring symbolic language

models from linguistic data.

˛ Resulting models are, a priori, models of

the data.

˛ The cognitive content of such models is

suspended, and cannot be restored without

raising the problem of the data.

˛ The scale of the data for such models

exceeds the individual scale.

˛ Cultural conditions of data production

become constitutive in the relation between

cognitive contents and language models.

Cognition
Culture

Cognition

Language Computation

Juan Luis Gastaldi | What are Neural Language Models the Model of? 37/38



Take Aways

˛ A formal approach to data analysis can

contribute to inferring symbolic language

models from linguistic data.

˛ Resulting models are, a priori, models of

the data.

˛ The cognitive content of such models is

suspended, and cannot be restored without

raising the problem of the data.

˛ The scale of the data for such models

exceeds the individual scale.

˛ Cultural conditions of data production

become constitutive in the relation between

cognitive contents and language models.

Cognition
Culture

Cognition

Language Computation

Juan Luis Gastaldi | What are Neural Language Models the Model of? 37/38



Take Aways

˛ A formal approach to data analysis can

contribute to inferring symbolic language

models from linguistic data.

˛ Resulting models are, a priori, models of

the data.

˛ The cognitive content of such models is

suspended, and cannot be restored without

raising the problem of the data.

˛ The scale of the data for such models

exceeds the individual scale.

˛ Cultural conditions of data production

become constitutive in the relation between

cognitive contents and language models.

Culture

Cognition

Language Computation

Juan Luis Gastaldi | What are Neural Language Models the Model of? 37/38



Collaborations

J. Terilla (CUNY), T.-D. Bradley (SandboxAQ), L. Pellissier (Paris-Est Créteil), Th. Seiller (CNRS), S. Jarvis (CUNY)



Reference Papers

˛ Gastaldi, J. L. (2021).Why Can Computers Understand Natural Language? Philosophy &

Technology, 34(1), 149–214. https://doi.org/10.1007/s13347-020-00393-9

˛ Gastaldi, J. L., & Pellissier, L. (2021).The calculus of language: explicit representation of emergent

linguistic structure through type-theoretical paradigms. Interdisciplinary Science Reviews, 46(4),

569–590. https://doi.org/10.1080/03080188.2021.1890484

˛ Bradley, T.-D., Gastaldi, J. L., & Terilla, J. (2024).The structure of meaning in language: Parallel

narratives in linear algebra and category theory. Notices of the American Mathematical Society.

https://api.semanticscholar.org/CorpusID:263613625

https://doi.org/10.1007/s13347-020-00393-9
https://doi.org/10.1080/03080188.2021.1890484
https://api.semanticscholar.org/CorpusID:263613625


References I

Belrose, N., Schneider-Joseph, D., Ravfogel, S., Cotterell, R., Raff, E., & Biderman, S. (2024).Leace: Perfect linear

concept erasure in closed form. Proceedings of the 37th International Conference on Neural Information

Processing Systems.

Bradley, T.-D., Gastaldi, J. L., & Terilla, J. (2024).The structure of meaning in language: Parallel narratives in linear

algebra and category theory. Notices of the American Mathematical Society.

https://api.semanticscholar.org/CorpusID:263613625

Chomsky, N. (1953).Systems of syntactic analysis. Journal of Symbolic Logic, 18(3), 242–256.

https://doi.org/10.2307/2267409

Chomsky, N. (1956).Three models for the description of language. IRE Transactions on Information Theory, 2(3),

113–124. https://doi.org/10.1109/TIT.1956.1056813

Chomsky, N. (1957). Syntactic structures. Mouton; Co.

Chomsky, N. (1959). Language, 35(1), 26–58. Retrieved July 7, 2025, from http://www.jstor.org/stable/411334

Chomsky, N. (1992, November). Language and the “cognitive revolutions” [Delivered November 23–27, 1992].

Delétang, G., Ruoss, A., Grau-Moya, J., Genewein, T., Wenliang, L. K., Catt, E., Cundy, C., Hutter, M., Legg, S.,

Veness, J., & Ortega, P. A. (2023). Neural networks and the chomsky hierarchy.

https://arxiv.org/abs/2207.02098

Gastaldi, J. L. (2021).Why Can Computers Understand Natural Language? Philosophy & Technology, 34(1), 149–214.

https://doi.org/10.1007/s13347-020-00393-9

Gastaldi, J. L., & Pellissier, L. (2021).The calculus of language: explicit representation of emergent linguistic structure

through type-theoretical paradigms. Interdisciplinary Science Reviews, 46(4), 569–590.

https://doi.org/10.1080/03080188.2021.1890484

Girard, J.-Y. (2011, September). The blind spot. European Mathematical Society.

https://api.semanticscholar.org/CorpusID:263613625
https://doi.org/10.2307/2267409
https://doi.org/10.1109/TIT.1956.1056813
http://www.jstor.org/stable/411334
https://arxiv.org/abs/2207.02098
https://doi.org/10.1007/s13347-020-00393-9
https://doi.org/10.1080/03080188.2021.1890484


References II

Goldberg, Y., & Levy, O. (2014).Word2vec explained: Deriving mikolov et al.’s negative-sampling word-embedding

method. CoRR, abs/1402.3722.

Levy, O., & Goldberg, Y. (2014).Neural word embedding as implicit matrix factorization. Proceedings of the 27th

International Conference on Neural Information Processing Systems - Volume 2, 2177–2185.

Mikolov, T., Sutskever, I., Chen, K., Corrado, G., Dean, J., Le, Q., & Strohmann, T. (2013). Learning representations of

text using neural networks. NIPS deep learning workshop 2013 slides.

Mikolov, T., Sutskever, I., Chen, K., Corrado, G., & Dean, J. (2013).Distributed representations of words and phrases

and their compositionality. CoRR, abs/1310.4546.

Sennrich, R., Haddow, B., & Birch, A. (2016).Neural machine translation of rare words with subword units. Proceedings

of the 54th Annual Meeting of the ACL, 1715–1725.

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, Ł., & Polosukhin, I. (2017).

Attention is all you need. In I. Guyon, U. V. Luxburg, S. Bengio, H. Wallach, R. Fergus, S. Vishwanathan, &

R. Garnett (Eds.), Advances in neural information processing systems (Vol. 30). Curran Associates, Inc. https:

//proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf

https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf


NeuroMod Annual Meeting

Université Côte d’Azur

Antibes, France

What are Neural Language Models the Model of?
Epistemological and Theoretical Perspectives on LLMs

Juan Luis Gastaldi

www.giannigastaldi.com

July 8, 2025

www.giannigastaldi.com

	Introduction
	Epistemological Perspectives
	Theoretical Perspectives
	The Algebra Behind the Embeddings
	The Structure Behind the Algebra
	The Categories Behind the Structure

	Take Aways
	References

	pbs@ARFix@96: 
	pbs@ARFix@97: 
	pbs@ARFix@94: 
	pbs@ARFix@98: 
	pbs@ARFix@100: 
	pbs@ARFix@93: 
	pbs@ARFix@92: 
	pbs@ARFix@95: 
	pbs@ARFix@99: 
	pbs@ARFix@1: 
	pbs@ARFix@2: 
	pbs@ARFix@3: 
	pbs@ARFix@4: 
	pbs@ARFix@5: 
	pbs@ARFix@6: 
	pbs@ARFix@7: 
	pbs@ARFix@8: 
	pbs@ARFix@9: 
	pbs@ARFix@10: 
	pbs@ARFix@11: 
	pbs@ARFix@12: 
	pbs@ARFix@13: 
	pbs@ARFix@14: 
	pbs@ARFix@15: 
	pbs@ARFix@16: 
	pbs@ARFix@17: 
	pbs@ARFix@18: 
	pbs@ARFix@19: 
	pbs@ARFix@20: 
	pbs@ARFix@21: 
	pbs@ARFix@22: 
	pbs@ARFix@23: 
	pbs@ARFix@24: 
	pbs@ARFix@25: 
	pbs@ARFix@26: 
	pbs@ARFix@27: 
	pbs@ARFix@28: 
	pbs@ARFix@29: 
	pbs@ARFix@30: 
	pbs@ARFix@31: 
	pbs@ARFix@32: 
	pbs@ARFix@33: 
	pbs@ARFix@34: 
	pbs@ARFix@35: 
	pbs@ARFix@36: 
	pbs@ARFix@37: 
	pbs@ARFix@38: 
	pbs@ARFix@39: 
	pbs@ARFix@40: 
	pbs@ARFix@41: 
	pbs@ARFix@42: 
	pbs@ARFix@43: 
	pbs@ARFix@44: 
	pbs@ARFix@45: 
	pbs@ARFix@46: 
	pbs@ARFix@47: 
	pbs@ARFix@48: 
	pbs@ARFix@49: 
	pbs@ARFix@50: 
	pbs@ARFix@51: 
	pbs@ARFix@52: 
	pbs@ARFix@53: 
	pbs@ARFix@54: 
	pbs@ARFix@55: 
	pbs@ARFix@56: 
	pbs@ARFix@57: 
	pbs@ARFix@58: 
	pbs@ARFix@59: 
	pbs@ARFix@60: 
	pbs@ARFix@61: 
	pbs@ARFix@62: 
	pbs@ARFix@63: 
	pbs@ARFix@64: 
	pbs@ARFix@65: 
	pbs@ARFix@66: 
	pbs@ARFix@67: 
	pbs@ARFix@68: 
	pbs@ARFix@69: 
	pbs@ARFix@70: 
	pbs@ARFix@71: 
	pbs@ARFix@72: 
	pbs@ARFix@73: 
	pbs@ARFix@74: 
	pbs@ARFix@75: 
	pbs@ARFix@76: 
	pbs@ARFix@77: 
	pbs@ARFix@78: 
	pbs@ARFix@79: 
	pbs@ARFix@80: 
	pbs@ARFix@81: 
	pbs@ARFix@82: 
	pbs@ARFix@83: 
	pbs@ARFix@84: 
	pbs@ARFix@85: 
	pbs@ARFix@86: 
	pbs@ARFix@87: 
	pbs@ARFix@88: 
	pbs@ARFix@89: 
	pbs@ARFix@90: 
	pbs@ARFix@91: 
	pbs@ARFix@101: 
	pbs@ARFix@102: 
	pbs@ARFix@103: 
	pbs@ARFix@104: 
	pbs@ARFix@105: 
	pbs@ARFix@106: 
	pbs@ARFix@107: 
	pbs@ARFix@108: 
	pbs@ARFix@109: 
	pbs@ARFix@110: 
	pbs@ARFix@111: 
	pbs@ARFix@112: 
	pbs@ARFix@113: 
	pbs@ARFix@114: 
	pbs@ARFix@115: 
	pbs@ARFix@116: 
	pbs@ARFix@117: 
	pbs@ARFix@118: 
	pbs@ARFix@119: 
	pbs@ARFix@120: 
	pbs@ARFix@121: 


