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A BSTRACT
Word embedding is a technique that maps words and phrases in natural language
to vectors or tensors. With the rapid development of deep learning methods, these
vectors or tensors are usually continuous values so that them can be fed into neural
networks and applied to gradient based methods. In this way, word embedding is a
bridge between symbolic representations and distributed representations. It makes
it possible to apply deep learning methods to Natural Language Processing (NLP)
tasks. In this review,

1

Introduction

Word embedding is the fundamental component in solving NLP tasks with deep learning methods.
It transforms discrete, symbolic words and phrases into distributed vector representations that can be
fed into neural networks. A good pretrained word embedding can greatly improve the performance
of a downstream task, especially when there is not enough data for the downstream task [1, 2].
In general, word embedding methods can be classified into two groups: 1) Count-based models,
2) Prediction-based models. In count-based models, words are expressed as the frequency of
word-context co-occurrence counts globally in a corpus. This idea of word representation started as
early as in the 1960s when Vector Space Model (VSM) was developed by Information Retrieval
community [3]. In VSM, documents are represented as vectors where each dimension corresponds
to a separate term (word or phrase). If a term occurs in the document, a weight will be assign
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to the corresponding dimension. One popular scheme to compute the weight is if-idf. However,
the dimension of vectors in this representation is too large, so people further developed Latent
Semantic Analysis (LSA), which uses Singular value decomposition to reduce the number of
dimensions. More recently, Dhillon et al. (2011) proposed Low Rank Multi-View Learning method
[4] which uses Canonical Correlation Analysis between the left and right contexts of a given word.
In 2013, Lebret and Collobert [5] proposed another Count-based model by applying Hellinger PCA
transformation to the word-context matrix. Another well-known count-based model is GloVe [6] by
Pennington et al. (2014). briefly describe Glove
In prediction-based models, the word embedding is learnt by improving the predictive ability of
a predefined target. The history of prediction-based models started from a series of works from
Bengio et al. [7]. In this work, learning of word embedding is combined with the training of a
language model. First they map each word in a sentence to a distributed feature vector. These
vectors are called embedding layer. Then the embedding layer will be fed into a neural network,
which predicts the next word in a sentence based on its previous n words. From then on, the
study of predictive-based word embedding models has became more and more popular in the NLP
community. Some of these famous works include word2vec [8, 9], fasttext [10, 11], ELMo [12],
BERT [10]. In the rest of this review, we will give more details about these algorithms in Section
2 (Count-based) and Section 3 (Prediction-based). In Section 4 we conclude and provide some
promising further research topics.

2
2.1

Count-based models
Vector Space Model

As the name indicated, count-based models represent word by counting its appearance in a context.
Vector Space Model or VSM is the most basic version of Count-based models. VSM is mainly used
in methods of document classification and document similarity estimation. It contains two parts.
The first part is called Bag of Words or BoW. For example [13], we have two simple documents:
1)John likes to watch movies. Mary likes movies too.
2)Mary also likes to watch football games.
Based on these two documents, we can construct two bags of words:
BoW 1 = {”John” : 1, ”likes” : 2, ”to” : 1, ”watch” : 1, ”movies” : 2, ”M ary” : 1, ”too” : 1}
BoW 2 = {”M ary” : 1, ”also” : 1, ”likes” : 1, ”to” : 1, ”watch” : 1, ”f ootball” : 1, ”games” : 1}
2
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After transforming the documents into Bag-of-Words, we build a vector to represent each document.
The dimension of this vector is equal to the size of vocabulary of the whole corpus. We calculate a
weight from the Bag-of-words for each word and assign the weight to its corresponding dimension
in the vector. Some of the popular schemes to compute the weight are: 1) a binary value (with
1 indicating that the word occurred in the document, and 0 indicating that it did not); 2) term
frequency (the number of times a word appears in the document); 3) term frequency-inverse
document frequency (a normalized version of term frequency which takes into account the frequency
of a word occurred in corpus). For example if we use term frequency, the representations for the
above two documents will be:
(1)[1, 2, 1, 1, 2, 1, 1, 0, 0, 0]
(2)[1, 1, 1, 1, 0, 0, 0, 1, 1, 1]
2.2

LSA

However, the dimension of the representation provided by VSM equals to the size of the vocabulary
of the whole corpus, which could be very large in practice. To reduce the dimension, Deerwester et
al. proposed Latent Semantic Analysis (LSA) [14] in 1990 which reduces the number of dimensions
by doing Singular value decomposition on the word-context matrix.
2.3

Low Rank Multi-View Learning (LR-MVL)

In 2011, Dhillon et al. proposed LR-MVL [4] where embeddings are derived by leveraging
Canonical Correlation Analysis (CCA) between the left and right contexts of a given word. To be
more specific, LR-MVL has two stages. First, given a sequence of words w = {w0 , w1 , ..., wn },
LR-MVL wants to learn a v × k matrix A that maps each of the v words in the vocabulary to a
reduced rank k-dimensional state vector. Second, Induce context specific embeddings for each
word from its k-dimensional state vector. The first stage of LR-MVL uses an iterative algorithm by
iterating between the following four steps:
• Take the h words to the left and to the right of each target word wt and project them each
down to a k-dimension vector using A (called left contexts vector and right contexts vector).
• Take the CCA between the left contexts vector and right contexts vector to find the left and
right canonical correlates.
• Project the left contexts vector and right contexts vector on to the space spanned by the top
k/2 left and right CCAs respectively and concatenate them to get a new representation of wt .
• Update A using the new representation we get in previous step.
More details can be found in Algorithm 1.
3
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The second stage is simply concatenating the state vector of a word and its left contexts vector and
right contexts vector (see Algorithm 2). It is worth mentioning that the authors reported that the
context component in embeddings not always increases the performance of downstream tasks. They
found that in NER and Chunking problems, modeling the context gives decent improvements in
accuracy.

2.4

GloVe

The well-known GloVe is also a count-based model but it uses neural methods to decompose the
co-occurrence matrix into more expressive and dense word vectors. To introduce GloVe, first we
4
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borrow the notation used in the original paper. Let the matrix of word-word co-occurrence counts
be denoted by X, whose entries Xij tabulate the number of times word j occurs in the context of
P
word i. Let Xi = k Xik be the number of times any word appears in the context of word i. Finally,
let Pij = P (j|i) = Xij /Xi be the probability that word j appears in the context of word i.
With these notation, we can start the introduction of GloVe. The authors argue that the starting point
for word vector learning should be with the ratios of co-occurrence probabilities, which is Pik /Pjk ,
rather than the probabilities themselves (Pij ). Thus, they assume a general model with the form:
F (wi , wj , wˆk ) =

Pik
,
Pjk

where wi and wj are word vectors and wˆk are separate context word vectors.
Under the assumption that 1) vector spaces are inherently linear structures, 2) the final model should
bew invariant under relabeling, the authors further simplify the model to the form:
wiT wˆk + bi + bˆk = log(Xik )
The objective now becomes finding w to best fit this equation. Thus they propose a new weighted
least squares regression model:
J=

V
X

f (Xij )(wiT wˆk + bi + bˆk − log(Xik ))2 ,

i,j=1

where V is the size of the vocabulary. f (Xij ) is a weighting function. Learning the word embeddings
now becomes solving the optimization problem.
Authors report better results than other count-based models, as well as prediction based models
such as Skip-Gram [8] (one version of Word2Vec) in some tasks. However, in general we cannot
state that one algorithm outperforms the other between GloVe and Word2Vec. Neither of them has
been shown to provide definitively better results over all tasks.

3
3.1

Prediction-based models
Neural Network Language model (NNLM)

The pioneering work in Prediction-based models is strongly linked with the first neural network
language model by Bengio et al. [7]. In this work, the word embedding is a by-product of training
a neural network language model. A language model aims to predict the next word in a sentence
given previous n words, which can be formed as:
f (wt−n+1 , ..., wt ) = P (wt |wt−n+1 , ...wt−1 ).
The authors decompose the function f (wt−n+1 , ..., wt ) = P (wt |wt−n+1 , ...wt−1 ) in two parts:
5
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• A |V | × m matrix C which maps any word i in vocabulary V to a real vector C(i) ∈ Rm .
This part is also called embedding layer.
• A function g that maps an input sequence of feature vectors for words,
{C(wt−n+1 ), ..., C(wt−1 )}, to a conditional probability distribution over words in V for
the next word wt . g is a neural network with parameters ω.
The architecture of this model is shown in Figure 1.

Figure 1: Neural architecture: f (i, wt−n+1 , ..., wt−1 ) = g(i, C(wt−n+1 ), ..., C(wt−1 )) where g is the
neural network and C(i) is the i-th word feature vector. Figure borrowed from [7]
Training is achieved by optimizing the penalized log-likelihood function:
1X
L=
logf (wt−n+1 , ..., wt ; θ) + R(θ)
T t
where R(θ) is a regularization term, θ = (C, ω). This optimization problem can be solved by
gradient based method.
3.2

Word2Vec

After Bengio’s work [7], many contributions were made towards this line of research. However,
among most of these works, word embedding is just a by-product of training a language model.
6
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The first time a model was built primarily to learn the word embeddings was in 2008. Collobert
and Weston [5] proposed a multi-task neural network which jointly optimizes several tasks over
supervised and unsupervised data, but the target was to learn the embeddings. In 2013, Mikolov et
al. [15, 8, 9] proposed Word2Vec, which finally drawn people’s attention to word embeddings itself
as a research topic.
Word2Vec provides two different architectures to produce word embeddings.
• Continuous bag-of-words (CBOW) Learning to predict the word by its context.
• Continuous Skip-gram Learning to predict the context given a word.
3.2.1

Continuous Bag-of-Words Model

CBOW is similar to the feedforward NNLM with three main difference, 1) the non-linear hidden
layer is removed; 2) the projection layer is shared for all words; 3) future words are also used (since
we no longer make the training of a language model as our primary goal). The model architecture is
shown at Figure 2. Note that the weight matrix between the input and the projection layer is shared
for all word positions in the same way as in the NNLM.

Figure 2: CBOW architecture. Figure borrowed from [8]

3.2.2

Continuous Skip-gram Model

The architecture of Skip-gram differs from CBOW in that, instead of predicting the current word
based on the context, it tries to maximize classification of a word based on another word in the
7
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same sentence. That is, we use each current word as an input and predict its context (words within
a certain range before and after the current word). The authors report that increasing the range
improves quality of the resulting word vectors but increases the computational complexity at the
same time. The model architecture is shown at Figure 3.

Figure 3: Skip-gram architecture. Figure borrowed from [8]

3.2.3

Variants of Word2Vec

The vocabulary in the corpus could be very large in practise, which makes the calculation of the
normalization factor in normal softmax extremely time-consuming. To deal with this problem, in
the first versions of Word2Vec[8], both CBOW and SG use hierarchical softmax in the last layer.
This methodology could reduce the computational complexity from O(V ) to O(log2 V ). Another
methodology to alleviate this problem was introduced in a Mikolov et al. [9]. Instead of using
hierarchical softmax, they use negative sampling to reduce computational complexity. The key idea
in negative sampling is that, instead of update the weights for words (V in usual case), we only
update a small group of negative samples (2-20 words suggested by the authors) randomly selected
from the whole vocabulary. To achieve this, negative sampling reformulate the problem into a
binary classification problem, which predicts whether a context-word pair is a real pair selected
from the corpus, or is a "fake" pair we randomly sampled.
Another techniques introduced in [9] is subsampling of frequent words to reduce the amount of
noise due to frequent words such as "the", "a", and accelerate the training at the same time.
A more recent contribution to the line of Word2Vec embedding is called FastText [10, 11, 16].
Based on Skip-gram, they took a finer granularity of language. Instead of training word embeddings,
8
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they train n-gram embeddings (sometimes called subword embeddings). The technique is helpful in
1) capturing meaning for suffixes/prefixes, 2) decomposing compound words, 3) understanding rare
words.
3.3

Context dependent models

All models introduced above are context independent models, that is, each word has a fixed
embedding no matter what context it is in. This can cause some problem when a word has different
means in different context. For example, "He went to the prison cell with his cell phone to extract
blood cell samples from inmates" [17]. The word cell has different meanings based on the context.
However, context independent models simply collapse all meanings into one vector.
ELMo [12] and BERT [18] address this problem by generate different word embeddings for a word
that captures the context of a word. ELMo and BERT give the state of the art results in many
downstream tasks in Natural Language Processing.

4

Conclusion

Word embeddings encode words and phrases into fixed-length dense vectors, dramatically promote
the research of natural language processing. In this review, we summarize some of the main works
and approaches to derive word embeddings. There are two main approaches, prediction-based
models, which model the probability of a word given a context, and count-based models, which
leverage global co-occurrence statistics in word-context matrices. A more recent progress in word
embedding is context dependent models which gives state of the art results in many NLP tasks.
Examples of context dependent models are ELMo and BERT.
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