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Three Main Components of NLM To Be Explained

Subword Tokenization
(Sennrich et al., 2016)

Word Embeddings
(Mikolov, Sutskever, Chen, Corrado, and Dean, 2013)

Self-Attention
(Vaswani et al., 2017)
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Word Embeddings: Vector
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Embedding Space: Similarity and Analogy
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Embedding Space: Other Applications
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word2vec Models
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word2vec as Implicit Matrix Factorization
(Levy and Goldberg, 2014)
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word2vec Explained
(Levy and Goldberg, 2014)

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

weVy, ceVe
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Three results:
o M = PMI(w,c) —log k (Pointwise Mutual Information)
« W is low dimensional

» The Singular Value Decomposition (SVD) provides an exact solution to
find W



Pointwise Mutual Information (PMI)
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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
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Truncated SVD
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Embeddings as Truncated SVD
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Example: Characters in Wikipedia
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SVD of Wikipedia Character PMI Matrix

U 2 Vv
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Truncate and Embed
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3D

Truncate and Embed
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The Structure behind the Algebra



But Why?

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 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.

Can we make this intuition more precise? We'd really like to see something
more formal.

(Goldberg and Levy, 2014)
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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 x M*

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

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



M x M* as a Covariance Matrix
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M x M* as a Covariance Matrix
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M x M* as a Covariance Matrix
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Structural Features
Eigenvectors of M x M*:
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Structural Features

Eigenvectors of M x M*:
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Structural Features
Eigenvectors of M x M*:
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“Typing” Information
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“Typing” Information (words)
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Eigenvectors as Fixed Points
(M x M*)v = X\v
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Binary Matrices: Formal Concepts
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Formal Concepts

{a,e,i,é} {a,e,o0,é} {a,e,i,o}




Formal Concepts (words)

{can, could,may,might,

{england, france, london} {europe, france,scotland} must, should,will,would}

. ///11 ,could;might,must,

,can,could} e should,would} —

{britain, france}

/
//(could,did,do) {ca,could,did,wo}
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Perspectives

o Three possible lines of research:

— Linguistically grounded decomposition of the PMI matrix
Positive vs. Negative, Left vs. Right

— Refinement through a categorical approach
Nuclei of profunctors

— Linear Logic
(classic, probabilistic, Banach, quantum) coherent spaces

o Connection between all those perspectives
o Computationally; Tensor Networks

o Connection between word embeddings, subword tokenization (segmentation), and
attention mechanisms (grammar)
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