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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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Word Embeddings: Matrix
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Embedding Space: Similarity and Analogy

Embedding Projector

DATA
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Embedding Space: Other Applications
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(Mikolov, Sutskever, Chen, Corrado, Dean, et al., 2013)

(Hamilton et al., 2016)

(https://nlp.stanford.edu/~johnhew/structural-probe.html)
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word2vec Models

a cat catches a mouse

Credit: Ferrone et al., 2017
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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 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

Three results:

˛ M “ PMIpw, cq ´ log k (Pointwise Mutual Information)

˛ W is low dimensional

˛ The Singular Value Decomposition (SVD) provides an exact solution to

find W
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Pointwise Mutual Information (PMI)
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Singular Value Decomposition (SVD)

M “ UΣV ˚

Where:

M = m ˆ n (real or complex) matrix

U = m ˆ m unitary matrix

Σ = m ˆ n non-negative real rectangular diagonal matrix

V ˚ = conjugate transpose of V , a n ˆ n unitary matrix

In particular:

˛ The columns of U (left singular vectors) are eigenvectors of MM˚

˛ The rows of V ˚ (right singular values) are eigenvectors of M˚M

˛ The non-zero elements of Σ (non-zero singular values) are the square roots

of the non-zero eigenvalues of MM˚ or M˚M
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Truncated SVD

M “ UΣV ˚

Credit: Angela Ju

Juan Luis Gastaldi et John Terilla | Des statistiques à l’algèbre et au-delà 14/38

https://www.linkedin.com/pulse/ml-algorithm-singular-value-decomposition-angela-ju?trk=read_related_article-card_title


Embeddings as Truncated SVD
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Outline

Neural Word Embeddings

The Algebra behind Word Embeddings

Example: Wikipedia

The Structure behind the Algebra

Perspectives
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Example: Characters in Wikipedia
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SVD of Wikipedia Character PMI Matrix

U Σ V ˚
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Truncate and Embed

U ˆ Σ
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Truncate and Embed

Û ˆ Σ̂
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Truncate and Embed

Û ˆ Σ̂
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Outline

Neural Word Embeddings

The Algebra behind Word Embeddings

Example: Wikipedia

The Structure behind the Algebra

Perspectives
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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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Singular Value Decomposition (SVD)

M “ UΣV ˚

Where:

M = m ˆ n (real or complex) matrix

U = m ˆ m unitary matrix

Σ = m ˆ n non-negative real rectangular diagonal matrix

V ˚ = conjugate transpose of V , a n ˆ n unitary matrix

In particular:

˛ The columns of U (left singular vectors) are eigenvectors of M ˆ M˚

˛ The rows of V ˚ (right singular values) are eigenvectors of M˚ ˆ M

˛ The non-zero elements of Σ (non-zero singular values) are the square roots

of the non-zero eigenvalues of M ˆ M˚ or M˚ ˆ M
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M ˆ M ˚ as a Covariance Matrix
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M ˆ M ˚ as a Covariance Matrix
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M ˆ M ˚ as a Covariance Matrix
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Eigenvectors and Eigenvalues

Credit: Joel Laity
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Eigenvectors and Eigenvalues
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Structural Features
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“Typing” Information
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“Typing” Information (words)
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Eigenvectors as Fixed Points

pM ˆ M ˚qv “ λv
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Eigenvectors as Fixed Points
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Binary Matrices: Formal Concepts
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Formal Concepts

Corpus: en_wiki, Norm: cols_l1, Cutoff: 0.03162277660168379, Threshold: abs, [1, 20]

{a,e,i,é}

{a}

{a,y}

{a,e,i,o}

{-,a}

{a,e,o,é}

{a,o,u}{a,i,u}{a,u,é} {a,e,u}

 

 

 

 

 

 

    

{2,3,4,5}

{3}

{3,4,5,6,7, 
8,9}

{g_n,m_n, 
m_t,t_l,…}

{g_n,m_n, 
m_s,m_t,…}

{g_n,m_n, 
m_r,m_t,…}

{m_l,m_n, {d_n,g_n, 
m_s,p_t,…}m_n,m_s,…}

{g_l,m_l, 
m_n,p_t,…}

{d_l,g_n, 
m_n,m_s,…}

{m_l,m_n, 
m_r,m_s,…}

{g_t,t_b, 
t_g,t_l,…}

{h_d,t_i, 
t_l,t_t,…}
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Formal Concepts (words)

Corpus: en_bnc_w, Norm: cols_l1, Cutoff: 0.01, Threshold: abs, [1, 10]

{britain,france}

{france}

{england,france,london} {europe,france,scotland}

Corpus: en_bnc_w, Norm: cols_l1, Cutoff: 0.01, Threshold: abs, [1, 5]

{'ll,can,could}

{could}

{'ll,could,might,must, 
should,would}

{could,did,do} {ca,could,did,wo}

{can,could,may,might, 
must,should,will,would}
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Formal Concepts (words)

Corpus: en_bnc_w, Norm: cols_l1, Cutoff: 0.01, Threshold: abs, [1, 10]

{1,10,15,2, 
3,4,5,6,…}

{10}

{1,10,15,2, 
20,3,4,5}

{10,12,15,3, 
4,5}

{10,15,2,3, 
30,5,7}

{10,15,2,20, 
3,30,4,5}

{10,12,15,30,5} {10,12,15,20,30}{10,15,20,30,seven}

{10,15,20,eight}

{10,12,15,2, 
3,5,7}

{10,12,15,20, {10,12,15,2, 
3,5} 20,5}

{10,15,20,30, 
five,ten,twenty}

{10,15,2,20, 
3,4,5,6,…}
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Outline

Neural Word Embeddings

The Algebra behind Word Embeddings

Example: Wikipedia

The Structure behind the Algebra

Perspectives
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Perspectives

˛ 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

˛ Connection between all those perspectives

˛ Computationally: Tensor Networks

˛ Connection between word embeddings, subword tokenization (segmentation), and

attention mechanisms (grammar)
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