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Empirical Saturnalia

The empirics of deep learning

(Circa 2020) the scaling era is here; deep networks are now just emergent things
we have created, that have to be studied scientifically like any other physical
phenomenon

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

._And this.was.actually a very profltable areaor.a very sort of lucrative

Zico Kolter, Building Safe and Robust Al Systems, Keynote at ICLR 2025.
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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)



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)




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.”

‘| 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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o Inadequacy of distributional models
(Chomsky, 1953)

o The probability of a sentence is useless
(Chomsky, 1957, 1959)

Language

Necessary Condition?

o Limited expressive power of FSAs
(Chomsky, 19506)

o Poverty of stimulus
(Chomsky, 1959)
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o Inadequacy of distributional models
(Chomsky, 1953)

Inconclusive

o The probability of a sentence is useless
(Chomsky, 1957, 1959)

Empirically challenged

Language

Necessary Condition?

o Limited expressive power of FSAs
(Chomsky, 19506)

The relevance is unclear

o Poverty of stimulus
(Chomsky, 1959)

Assumes what is to be proved

Computation
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Epistemology of Machine Learning
Distributional Language Models

L

Tokenization
(Sennrich et al., 2016)

Epistemology of Machine Learning
Distributional Language Models

(https://tiktokenizer.vercel.app)

Formal Explainability
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word2vec Explained
(Levy and Goldberg, 2014)
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pointwise mutual information (pmi), word-context matrix.



word2vec Explained
(Levy and Goldberg, 2014)

= > > #(w,c)(logo(W-¢)+k-E.pyp,[logo(—w - cn)])

weViy, ceVe
ol T N PN #(w«s)-w\) _
G- 0 when w-¢ =log <#<w)_#(c) log k

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



word2vec Explained
(Levy and Goldberg, 2014)

= > > #(w,c)(logo(W-¢)+k-E.pyp,[logo(—w - cn)])

weViy, ceVe
ol T N PN #(uz«:>-|D|> _
G- 0 when w-¢ =log <#<w).#(c) log k

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



word2vec Explained
(Levy and Goldberg, 2014)

= > > #(w,c)(logo(W-¢)+k-E.pyp,[logo(—w - cn)])

weViy, ceVe
ol T N PN #(uz«:>-|D|> _
G- 0 when w-¢ =log <#<w).#(c) log k

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



word2vec Explained
(Levy and Goldberg, 2014)

(=3 3 #(w,c)(logo(i- &) + k- Eeyp,[logo(—i - Ey)])

weVy, ceVe
0 . = = #(U),(:)-|D|> o
G- 0 when w-¢ =log (7#(11;).#(@) log k

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



word2vec Explained
(Levy and Goldberg, 2014)

(=3 3 #(w,c)(logo(i- &) + k- Eeyp,[logo(—i - Ey)])

weVy, ceVe
0 . = = #(U),(:)-|D|> o
G- 0 when w-¢ =log (7#(11;).#(@) log k

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



word2vec Explained
(Levy and Goldberg, 2014)

(=3 3 #(w,c)(logo(i- &) + k- Eeyp,[logo(—i - Ey)])

weVy, ceVe
0 . = = #(U),(:)-|D|> o
G- 0 when w-¢ =log (7#(11;).#(@) log k

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



word2vec Explained
(Levy and Goldberg, 2014)

(=3 3 #(w,c)(logo(@- &) + k - Eeypy[log o(—i - éy)])

weVy, ceVe
o _ S o #<w,c).|D|) _
G- 0 when w-¢ =log <#(w).#(c) 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.



Example: Characters in Wikipedia
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SVD of Wikipedia Character PMI Matrix
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What to conclude?
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But Why?

4 Why does this produce good word represen-
tations?

The distributional hypothesis states that words in similar contexts have sim-
ilar meanings. The objective above clearly tries to increase the quantity vy, - v,
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.

(Goldberg and Levy, 2014)
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Embeddings as Functions Over Sets
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M. M* as a Covariance Matrix
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“Eigensets”

MM f=f
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Partial Order Structure
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Dual Partial Order

A<l
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Paring of Partial Ordered Fixed Points

Juan Luis Gastaldi | What are Neural Language Models the Model of? 34/38



Enriching over R

Structure

Juan Luis Gastaldi | What are Neu 35/38




Enriching over R
Structure

?

(PxD->R
M RY = (RP)P: M,



L
RN/
e e

XL

Pbies, RS
e 000& 7% o.’o/&‘ot‘
ittt
@ oo o s ANAERS

Enriching over R

Rethen g ZOR

..{,\, REX000030
B IIREEIINOCE >
I 5
RRRIFTEE s
R,
RIS
(AR
R
L

R

e
A

0%
RS

Structure




Enriching over R

Structure




Enriching over R
Structure

S
/N
S/V \‘/
% C\(S/V) e

C
]
t h




Formal Explainability

Structure

Embedding
Nucleus and Types




Formal Explainability

Structure

Tokenization
Renormalization

Embedding
Nucleus and Types

Attention
Tensor Product




Outline

Take Aways



Take Aways

o A formal approach to data analysis can
contribute to inferring symbolic language
models from linguistic data.

Language Computation




Take Aways

o A formal approach to data analysis can
contribute to inferring symbolic language
models from linguistic data.

o Resulting models are, a priori, models of
the data.

Language Computation




Take Aways

o A formal approach to data analysis can
contribute to inferring symbolic language
models from linguistic data.

o Resulting models are, a priori, models of
the data.

o The cognitive content of such models is
suspended, and cannot be restored without
raising the problem of the data.

Language Computation




Take Aways

o A formal approach to data analysis can
contribute to inferring symbolic language
models from linguistic data.

o Resulting models are, a priori, models of
the data.

o The cognitive content of such models is
suspended, and cannot be restored without
raising the problem of the data.

o The scale of the data for such models
exceeds the individual scale. Language Computation




Take Aways

o A formal approach to data analysis can
contribute to inferring symbolic language
models from linguistic data.

o Resulting models are, a priori, models of
the data.

o The cognitive content of such models is
suspended, and cannot be restored without
raising the problem of the data.

o The scale of the data for such models
exceeds the individual scale. Language Computation

o Cultural conditions of data production
become constitutive in the relation between
cognitive contents and language models.
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