Representations of linguistic units
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+ Singular value decomposition s a well-known method in linear algebra

« Ann xm (n terms m documents) term-document matrix X can be
decomposed as

X-usv’

U isa o runiary mates,where s the rank of X (r < minfr, ). Columns of
« ducks- duck + mouse = mice Uare e igenvecors o XX°

and XX

;'
Vi1 m unitary malix. Columns of V are the efgenectors of XTX




Truncated SVD
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Truncated SVD: with a picture

o (from U and V)
values (k < 1), all

« The approximation,
R=WeEVie

results i the best approximation of X, such that [ — Xl s minimur

+ Note that r and n may ea
choose k much smaller (a few hundreds)

ly be millions (of words or contexts), whille we

Step 1 Get word-context associations.
Step 2 Decompose
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More notes on word vectors from SVD

SVD: LSI/LSA
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+ Each component of a ‘recuced” word vector is a weighted sum of the original

+ SVD removes correlations, resulting in less redundancy
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Predictive models

common approsches

‘The idea is the ‘locally’ predict the contexta

« Instead of dimensionality reduction through SV, we try to predict
= either the target word from the context
~ o the context given the target word
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« Typically,
- Weasign cach word . xed-sie random vector
4 ML model and

witha
for non-linear i i s

B e e S R re et

to compute e neatin

parameters
antextual representations later
word2vec word2vec
CBOW and skip-gram s - conceptuly
« word2vec is a popular algorithm and open source application for training - N
xd vectors e Wy
« It has two modes of aperation .
cpow word N
Skip-gram using the - fomneding gt vord gt embeddog -
target word asthe predictor
cBow Skip-gram
word2vec Issues with softmax
it more in detail
« For each word w, the algorithm learns two sets of embeddings Plelw) = e
v for words
e for contexts A parcularproblem wih models with  sofmax output s igh
« Objective of the learning is to maximize (skip-gram) ot Gl o
- the
O c.cic whole vocabulary (can essly bé ilions)
+ Two workarounds exist
, sampled from th
Note that the above is simply saftmax — the learning method is equivalent to e o
logisic egression, but we have additional parameters (¢) to estimate B
I ches to find word and o el ol o e v o vord
that maximize this objective « Both , during pr , we still need




word2vec: some notes

- Note that word2vec is not ‘deep’
+ word2vee preforms well, and it is much faster than earlier (more complex)
ANN architectures developed for this task.
« The resulting vectors used by many (deep) ANN models, but they can also be.
e e
BoW, hence.
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« We need to keep the vocabulary (relatively) small, the method does not help.
with out-of-vocabulary words

Other predictive methods for building vector representations

« There a few other popular methods for building ‘general purpose’ vector
representations.

with global
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Using vector representations

+ Dense vector representations are useful for many ML methods
« They
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Context matters

In SVD (and other) vector representations, the choice of context matters
+ Larger contexts tend to find semantic/topical relationships.
tend to find

+ Smaller

Evaluating vector representations

« Like other unsupervised methods, there are no ‘correct’labels

+ Evaluation can be

Intrinsic based or o finding analogy /syn
i based onwhether they mprove a articla fak (e, parsing sentiment
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Differences of the methods
orthelack thereof

« Itis often claimed, after excitement created by word2vec, that
prediction-based models work better

« Careful analyses suggest, however, that word2vec can be seen as an
approximation to a special case of SVD

+ Performance differences seem to boil down to how well the hyperparameters.
are optimized

+ In practice,
difference.

probably

Summary
+ (Dense) vector representations of linguistic units llow calculating
similarty/difference betuween the units
« General purpose embeddings can be ‘trained using counting (SVD), or
predicting (word2vee, GloVe)
« They are particularly suitable for ANN as low-dimensional inputs
« Although these general purpose embeddings are useful,
s (e, they assign

~ Ty oot handle palyaens, measing in content
+ Embeddings can also be traned on a particular task
+ Also works for other linguistic objcts (e, ltters, sentences)

- Reading; Jurafsky and Martin (2026, C1
Next:
« Gradient descent, Reading; Jurafsky and Martin (2026, Section 5.6)

Some sources of information

+ Jurafsky and Martin (Chapter 6,2026)

B Jurafsky, Daniel and James H. Martin (2026). Speech and Language Procesing:
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