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B pobomi posensinymo 0exinoka cy4acHux munie 6eKmopHoeo npeocmagiets cie ¢ npupooHiil 06pooyi
Mmogu. Onucano mpu OCHOSHI MUNU 8eKMOPHO20 NPeOCMAsIeHHs Cl06d, a came: CMAmuyHe 8eKmopHe
npeocmasienis closd, 3acmocy8ants 2nuOOKUX HelUpOHHUX Mepexc 0N npeoCcmasients clie ma ouHamiune
npedcmasients ciosa, wo basyemocs Ha Konmekemi. Le Oyoce akmyanvha i Oysice 3ampebyeana obnacmo
docniodcers 8 npUpPoOHitl 0OpodYi MOBU, 0OUUCTIOBANLHIN IH2GICMUYT MA WMYYHO20 [HMENeKmy 3a2aloM.
3anpononosano posenanymu Oekinvka pisHUX MoOeneil Oisl 6eKMOPHOZO NPedCmasients ciosa (abo
60Y008YBAHHSA C1084), 8I0 HAUNPOCMIULOT (AK NOOAHHS MEKCIY, WO ONUCYE 6UHUKHEHHA CIig Y OOKYMeHmi ma
PO3YMIHHA  83A€MO38'AA3KY Mid napolo ciig), 0o bacamowaposol HeupoHHOI mepedxci ma 2aubOoKux
080OHANPABNIEHHUX MpaHCPopmamopise st po3yminusa mosu. Onuc mooeneil NOOAHO XPOHONO2IYHO 8IOHOCHO
noseu. OnNUcaHo 800CKOHANEHHA W0OO0 NONEPeoHix mooelel, K nepesas, maxk i HeOOiKU NPeoCcmasieHux
Modenell i 8 AKUX BUNAOKAX a0 3a80AHHAX Kpauje BUKOPUCIO8Y8amu Ny Yu iHULy MOOeb.

Kntouosi cnosa: wmyunuil inmenexm, npupoona 06podKa Mosu, KoMN 10omepHa NiHe8ICMUKA, 6EeKMOPHe
npeoCcmagieHHs Cis.

The article is devoted to research to the state-of-art vector representation of words in natural language
processing. Three main types of vector representation of a word are described, namely: static word
embeddings, use of deep neural networks for word representation and dynamic) word embeddings based on
the context of the text. This is a very actual and much-demanded area in natural language processing,
computational linguistics and artificial intelligence at all. Proposed to consider several different models for
vector representation of the word (or word embeddings), from the simplest (as a representation of text that
describes the occurrence of words within a document or learning the relationship between a pair of words) to
the multilayered neural networks and deep bidirectional transformers for language understanding, are
described chronologically in relation to the appearance of models. Improvements regarding previous models
are described, both the advantages and disadvantages of the presented models and in which cases or tasks it
is better to use one or another model.

Key Words: artificial intelligence, natural language processing, computational linguistics, word
embeddings.
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Introduction and most well-known approaches is one-hot encoding

and bag-of-words model. But unfortunately how

Representation of a word is one of the simple they are, how much they are not effective to
fundamental tasks of natural language processing. On  use for neural models.

how much efficiently we present a vector Now very often used approaches distributed word
representation of a word depends how effectively the Or sentence representation. Some of them we will
neural model we constructed will work. consider in this article. We will not describe the neural

There are many different approaches, both in representations of words, because these were already
complexity and effectiveness for the vector compared by Milajevs [1].
representation of a word. Perhaps one of the simplest
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The purpose of this article is to provide a more
complete picture of the vector representation of a
word from the simplest models to state-of-art.

Static Word Embeddings

Some systems and methods of natural language
processing (NLP) consider words as atomic units —
there is no concept of similarity between words
because they are presented as they are presented in the
form of a dictionary with indices. There are several
good reasons for this choice — simplicity, reliability,
and the observation that simple models trained on
huge amounts of data outperform complex systems
trained on fewer data.

However, simple methods have their limits in
many tasks.

The vector of the word «Queen» almost coincides
with the vector obtained as a result of the following
calculation of the vectors of the word: vector («King»)
- vector («Many) + vector («Womany). Those. the
word «Kingy refers to the word «Queen» in the same
way that the word «Man» refers to the word
«Womany (Figure 1).
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Figure 1. Word vector calculation

Bag-of-words model. A bag-of-words, or BoW
for short, is a representation of text that describes the
occurrence of words within a document. It involves
two things:

A vocabulary of known words.

A measure of the presence of the known
words
Bag of words models encode every word in the
vocabulary as one-hot-encoded vector i.e. for the
vocabulary of size | V], each word is represented by a
|V] dimensional sparse vector with 1 at the index
corresponding to the word and 0 at every other index.
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As vocabulary may potentially run into millions, a bag
of word models faces scalability challenges.

Bag of word models does not respect the
semantics of the word. For example, the words «Cary
and «Automobiley are often used in the same context.
However, the vectors corresponding to these words
are orthogonal in the bag of words model. The
problem becomes more serious while modelling
sentences. For example, «Buy used cars» and
«Purchase old automobiles» are represented by
orthogonal vectors in the bag-of-words model.

While modelling phrases using bag-of-words the
order of words in the phrase is not respected. For
example, «This is good» and «Is this good?» have
exactly the same vector representation.

Continuous bag of words (CBOW). Continuous
bag of words model was described by Mikolov [2].
The architecture of this model is meant for learning
the relationship between a pair of words. The
architecture of this model attempts to predict the
current target word (centre word) based on the words
in the original context (surrounding words) (Figure 2).

INPUT PROJECTION OUTPUT
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Figure 2. The CBOW architecture predicts the
current word based on the context

The approach is to treat {«The», «caty, «overy,
«they, «puddle»} as a context and from these words,
be able to predict or generate the centre word
«jumpedy.

But this model has its drawbacks:

Continuous bag of words takes the average
value of the context of the word (when
calculating latent activation). For example,
«Applet» can be either a fruit or a company, but
CBOW takes an average from both contexts and
places it between the cluster for fruits and
companies.
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Continuous bag of words training from
scratch can last forever if it is not properly
optimised.

Skip-gram Model. The architecture of Skip-
gram model is somewhat similar to continuous bag of
words. It just flips CBOW architecture upside down.
The purpose of a Skip-gram is to predict the context
of a given word (Figure 3). It is an effective method
for studying high-quality vector representations of
words from a large amount of unstructured text data

[3].
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Figure 3. The Skip-gram predicts surrounding
words given the current word

Each current word is used as input for a
logarithmic classifier with a continuous projection
layer and predicts words in a certain range (before and
after the current word). Increasing the range improves
the quality of the resulting word vectors, but also
increases the complexity of the calculations. More
distant words are usually less associated with the
current word than those that are close to it, so they
give less weight to distant words, selecting fewer
examples of these words from case studies.

This model has several significant advantages:

Skip-gram model can capture two semantics
for a single word. i.e it will have two vector
representations of Apple. One for the company
and other for the fruit.

Skip-gram with negative sub-sampling
outperforms every other method generally.
Word2Vec. The combination of the two

previously described models, namely the continuous

bag of words and wikip-gram, is a model developed by

Google under the name Word2Vec.
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The Word2Vec is a two-layer neural network
with an input layer, one linear hidden layer called a
projection layer, and a softmax output layer. Its input
is a text corpus and its output is a set of vectors:
feature vectors for words in that corpus. The input and
output layers are dictionary sizes. The size of the
projection layer directly depends on the dimension of
the created word vectors.

The purpose and usefulness of Word2vec is to
group the vectors of similar words together in
vectorspace. That is, it detects similarities
mathematically. Word2vec creates vectors that are
distributed numerical representations of word
features, features such as the context of individual
words.

Word2vec is similar to an autoencoder, encoding
each word in a vector, but rather than training against
the input words through reconstruction, as a restricted
Boltzmann machine does, word2vec trains words
against other words that neighbour them in the input
corpus.

FastText. The core of FastText relies on the
Continuous Bag of Words (CBOW) model for word
representation and a hierarchical classifier to speed up
training. FastText replaces the objective of predicting
a word with predicting a category [4]. These single-
layer models train incredibly fast and can scale very
well. Also, FastText replaces the softmax over labels
with a hierarchical softmax. Here each node
represents a label. This reduces computation as we
don’t need to compute all labels probabilities. The
limited number of parameters reduces training time.

|

output ‘

| hidden |

Figure 4. Model architecture of FastText for a
sentence with N ngram features x;, . . ., xy.

In contrast to word embedding technologies that
are taking words as an atomic unit, FastText takes the
morphology of words into account, i. e. each word
consists of multiple characters and the combination of
characters. In Word2Vec, for example, each word has
its own distinct vector. FastText, however, represents
a word by its id within a vocabulary and its n-grams
of characters (Figure 4). Using n-grams of size 3
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would result in a representation of the word «apple»
as follows, «<ap», «app», «ppl», «pley, «le>» [5].

This approach outperformed both Word2Vec
variants Skip-gram and CBOW in all word similarity
datasets except for the English one. The languages
with a lot of grammatical cases, like German or
Russian, benefit from this method.

GloVe:  Global  Vectors for Word
Representation. Many methods for generating word
embeddings vectors are based on statistics on the
contextual words surrounding them and are trained on
them separately. The way it predicts surrounding
words is by maximizing the probability of a context
word occurring given a centre word by performing a
dynamic logistic regression.

The creators of GloVe [6] illustrate that the ratio
of the co-occurrence probabilities of two words
(rather than their co-occurrence probabilities
themselves) is what contains information and so look
to encode this information as vector differences

(Figure 5).
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Figure 5. Linear substructures of the word in
vector space
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The similarity metrics used for nearest neighbour
evaluations produce a single scalar that quantifies the
relatedness of two words. This simplicity can be
problematic since two given words almost always
exhibit more intricate relationships than can be
captured by a single number. For example, a man may
be regarded as similar to a woman in that both words
describe human beings; on the other hand, the two
words are often considered opposites since they
highlight a primary axis along which humans differ
from one another.

In order to capture in a quantitative way the
nuance necessary to distinguish man from woman, it
is necessary for a model to associate more than a
single number to the word pair. A natural and simple
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candidate for an enlarged set of discriminative
numbers is the vector difference between the two-
word vectors. The GloVe is designed in order that
such vector differences capture as much as possible
the meaning specified by the juxtaposition of two
words. T he model utilizes the main benefit of count
data — the ability to capture global statistics — while
simultaneously capturing the meaningful linear
substructures prevalent in recent log-bilinear
prediction-based methods like Word2Vec. In the case
of GloVe, the counts matrix is preprocessed by
normalizing the counts and log-smoothing them.
Compared to Word2Vec, GloVe allows for parallel
implementation, which means that it’s easier to train
over more data. This method surpasses the results of
other methods, such as CBOW, Skip-Gram in tasks
such as word analogies, word similarity and
recognition of named entities.

But like all existing models, this method is not
perfect and has its drawbacks:

This model uses a lot of memory: the fastest
way to construct a term-cooccurrence matrix is to
keep it in RAM as a hash map and perform
cooccurrence increments in a global manner

Sometimes quite sensitive to the initial
learning rate

Deep Neural Networks for Word
Representations

Deep Neural Networks (DNNs) are powerful
models that have achieved excellent performance on
difficult learning tasks. DNNs work well whenever
large labelled training sets are available. DNNs are
powerful because they can perform arbitrary parallel
computation for a modest number of steps. So, while
neural networks are related to conventional statistical
models, they learn an intricate computation.

Despite their flexibility and power, DNNs can
only be applied to problems whose inputs and targets
can be sensibly encoded with vectors of fixed
dimensionality. It is a significant limitation since
many important problems are best expressed with
sequences whose lengths are not known a-priori.

Sequence-to-Sequence (seq2seq). Sequence-to-
Sequence is a general end-to-end approach to
sequence learning that makes minimal assumptions
on the sequence structure. This method uses a
multilayered Long Short-Term Memory (LSTM) to
map the input sequence to a vector of fixed
dimensionality, and then another deep LSTM to
decode the target sequence from the vector [7].
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The model consists of 3 parts: encoder, based approach, such as ELMo [11], uses task-

intermediate (encoder) vector and decoder (Figure 6).
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Figure 6. Encoder-Decoder Sequence-to-
Sequence model

The encoder is s stack of several recurrent units
(LSTM or GRU cells for better performance) where
each accepts a single element of the input sequence,
collects information for that element and propagates
it forward.

Encoder vector is the final hidden state produced
from the encoder part of the model. This vector aims
to encapsulate the information for all input elements
in order to help the decoder make accurate
predictions. It acts as the initial hidden state of the
decoder part of the model.

The decoder is a stack of several recurrent units
where each predicts an output at a time step. Each
recurrent unit accepts a hidden state from the previous
unit and produces and output as well as its own hidden
state. The previous hidden state is used to compute the
next one.

The power of this model lies in the fact that it can
map sequences of different lengths to each other. The
inputs and outputs are not correlated and their lengths
can differ.

A sequence to sequence model lies behind
numerous systems. For instance, seq2seq model used
in tasks like machine translation [8] (Figure 7), speech
recognition [9], video captioning [10], etc.

Er liebte zu essen .

He loved to  eat
Figure 7. Sequence-to-Sequence model for
machine translation

Contextualized (Dynamic) Word Embeddings

There are two existing strategies for applying
pre-trained language representations to down- stream
tasks: feature-based and fine-tuning. The feature-
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specific architectures that include the pre-trained
representations as additional features. The fine-tuning
approach, such as the Generative Pre-trained
Transformer introduces minimal task-specific
parameters, and is trained on the downstream tasks by
simply fine-tuning all pre- trained parameters.

BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding.
Unlike previous language representation models,
BERT is designed to pre-train deep bidirectional
representations from the unlabeled text by jointly
conditioning on both left and right context in all
layers. As a result, the pre-trained BERT model can
be fine-tuned with just one additional output layer to
create state-of-the-art models for a wide range of
tasks, such as question answering and language
inference,  without  substantial  task-specific
architecture modifications [12].

There are two steps in this framework: pre-
training and fine-tuning. During pre-training, the
model is trained on unlabeled data over different pre-
training tasks. The training is done by masking a few
words (~15% of the words) in a sentence and tasking
the model to predict the masked words. For fine-
tuning, the BERT model is first initialized with the
pre-trained parameters, and all of the parameters are
fine-tuned using labelled data from the downstream
tasks.

BERT’s model architecture is a multi-layer
bidirectional Transformer encoder.

To make BERT handle a variety of down-stream
tasks, input representation is able to unambiguously
represent both a single sentence and a pair of

sentences (e.g., ( Question, Answer )) in one token
sequence. A “sequence” refers to the input token
sequence to BERT, which may be a single sentence or
two sentences packed together. For a given token, its
input representation is constructed by summing the

corresponding  token, segment, and position
embeddings (Figure 8).
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Figure 8. BERT input representation

Deep bidirectional architectures, allowing the
same pre-trained model to successfully tackle a broad
set of NLP.
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Conclusions

This article represents three types of word
embedding: static word embeddings, deep neural
networks for word representations and contextualized
(dynamic) word embeddings.

Static  Word Embeddings fail to capture
polysemy. They generate the same embedding for the
same word in different contexts. Static Word
Embeddings could only leverage off the vector
outputs from unsupervised models for downstream
tasks — not the unsupervised models
themselves.They were mostly shallow models to
begin with and were often discarded after training
(e.g. word2vec, Glove) .

The state-of-art results at the moment showed by
contextualized (dynamic) word embeddings.
Contextualized words embeddings aim at capturing
word semantics in different contexts to address the
issue of polysemous and the context-dependent nature
of words. The output of Contextualized (Dynamic)
Word Embedding training is the trained model and
vectors — not just vectors.

Traditional ~word  vectors are  shallow
representations (a single layer of weights, known as
embeddings). They only incorporate previous
knowledge in the first layer of the model. The rest of
the network still needs to be trained from scratch for
a new target task. They fail to capture higher-level
information that might be even more useful. Word
embeddings are useful in only capturing semantic
meanings of words but we also need to understand
higher-level concepts like anaphora, long-term
dependencies, agreement, negation, and many more.
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