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https://www.jeremyjordan.me/intro-to-neural-networks/
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Word Embeddings



Early Neural Language Models
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Word Embeddings: word2vec
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Dense Vector Representations
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Word Embeddings: Similarity
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Word Embeddings: Analogy

Vhouse — VUcity + Vcountryside ~ U farmhouse



Word Embeddings: Analogy
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Word Embeddings: Analogy

Vbetter ~ Usoft

word2vee PCA projection: Comparatives
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Neural LMs Applications to Mathematics

o Proof-Oriented

— Bansal etal., 2019; Kaliszyk et al.,

2017, 5 S
o Object-Oriented __ /A
— Blechschmidt and Emst, 2021; e £ oo
Charton, 2021; d'Ascoli et al., 2022; e 2010 g
Lample and Charton, 2019; Li et al., (Lample and Charton, 2019)
2021; Ryskina and Knight, 2021
o Skill-Oriented
— Brown et al,, 2020; Peng et al., = *i"*:;—’ﬁ%—- ==
2021; Shen et al., 2021 ez
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— Davies et al., 2021
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word2vec as Implicit Matrix Factorization
(Levy and Goldberg, 2014)
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word2vec as Implicit Matrix Factorization
(Levy and Goldberg, 2014)

loga(lﬁ ) 5) + k- Eeyapp [IOgO'(—w ' EN)]



word2vec as Implicit Matrix Factorization
(Levy and Goldberg, 2014)
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word2vec as Implicit Matrix Factorization
(Levy and Goldberg, 2014)
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word2vec as Implicit Matrix Factorization
(Levy and Goldberg, 2014)
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word2vec as Implicit Matrix Factorization
(Levy and Goldberg, 2014)

(=3 3 #(w,c)(logo(@- &) + k- Eeypp[log o (=10 - Ex)])

weVy, ceVe

ol _ - #(w,C)-|D|> _
o068 0 when @-¢ =log (#(w).#(c) log k

= PMI(w,c) —logk

Additional constraint: w and & should be low dimensional



word2vec as Implicit Matrix Factorization
(Levy and Goldberg, 2014)
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= PMI(w,c) —logk

Additional constraint: w and & should be low dimensional

There exists an exact solution ...



Singular Value Decomposition (SVD)

M =UXV"
Where:
M = m x n (real or complex) matrix
U = m x m unitary matrix
Y = m x nnon-negative real rectangular diagonal matrix

V* = conjugate transpose of V, a n x n unitary matrix



Singular Value Decomposition (SVD)

M =UXV"
Where:
M = 'm xn (real or complex) matrix
U = m x m unitary matrix
Y = m x nnon-negative real rectangular diagonal matrix
V* = conjugate transpose of V, a n x n unitary matrix
In particular:

o The columns of U (left singular vectors) are eigenvectors of M M*

o The rows of V* (right singular values) are eigenvectors of M* M

» The non-zero elements of X (non-zero singular values) are the square roots
of the non-zero eigenvalues of MM* or M* M



Singular Value Decomposition (SVD)
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Example: Characters in Wikipedia
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Example: Characters in Wikipedia
Left Singular Vectors:
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Generalization
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Discussion
o Elementary properties of neural NLP do not depend on the neural nature of
models
o There seem 1o be algebraic structures underlying NL data
o Explicit and symbolic representations could be built upon such structures

o Such representations could be used to explore the capabilities and limits of
current neural models

o They could also provide new interpretability principles and techniques

» We need new tools at the interface between algebra and statistics
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