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A BSTRACT
The domain of natural language processing (NLP), which has greatly evolved over the last years, has
highly benefited from the recent developments in word and sentence embeddings. Such embeddings
enable the transformation of complex NLP tasks, like semantic similarity or Question and Answering
(Q&A), into much simpler to perform vector comparisons. However, such a problem transformation
raises new challenges like the efficient comparison of embeddings and their manipulation. In this work,
we will discuss about various word and sentence embeddings algorithms, we will select a sentence
embedding algorithm, BERT, as our algorithm of choice and we will evaluate the performance of
two vector comparison approaches, FAISS and Elasticsearch, in the specific problem of sentence
embeddings. According to the results, FAISS outperforms Elasticsearch when used in a centralized
environment with only one node, especially when big datasets are included.
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Introduction

Natural language processing (NLP) focuses on the interactions between computers and human language and, in
particular, on how to program computers to efficiently process language data. NLP has greatly evolved the latest
years making the processing of millions of web pages by Google and its rivals to seem like a trivial task which can be
completed in less than a second, while a few years ago, the analysis of one sentence could last several minutes [1]. This
great improvement in NLP performance makes it possible to use computers for various complex tasks like machine
translation, dialogue systems, sentiment analysis, part-of-speech tagging and many more.
In this work we will investigate the problem of natural language processing using word and sentence embeddings in the
big data era. We present various embedding algorithms and we select one of the most prominent algorithms, BERT, to
investigate the problem of efficient comparison of sentence embeddings. We will focus on two infrastructure choices for
such a comparison. The available approaches will be analyzed and their performance on sentence embedding selection
will be presented and compared against a third, baseline approach. The approaches will also be compared among them
and conclusions will be drawn given the available datasets and resources.
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Word and sentence embeddings

One of the biggest challenges in NLP is the problem of high-di-mensionality and data sparseness which can be addressed
with the use of distributed vectors of word embeddings. The key idea of this approach is that words with similar
meaning tend to appear in a similar context. Therefore, the vectors are constructed in a way that they encapsulate
the characteristics of the neighbors of a word. Comparison among vectors is performed using metrics such as cosine
similarity, demonstrating the similarity of the words that the vectors correspond to.
These embeddings can be used as the first data processing step in a deep learning model. They are usually pre-trained
in an unlabeled corpus [2, 3] where they can capture syntactical and semantic information. Because of their small
dimensionality and due to the fact that these are dense vectors, they can be ideal for processing core NLP tasks.
Shallow neural networks have been the models to create such embeddings over the years with good performance. Deep
learning NLP models use them also to represent their words, phrases and sentences, making these embeddings one of
the key differences between traditional word-based models and deep learning-based models. Word embeddings have
been used for a wide range of NLP tasks with significant results [4, 5, 6, 7].
2.1

Word-level encodings

Mikolov et al. [2, 3] transformed word embedding algorithms by proposing the CBOW and skip-gram models. Both
of these models work on a window of words, but they follow different approaches. CBOW calculates the conditional
probability of a target word given the context words around it within a window of specific size. On the contrary, the
skip-gram model predicts the context words within a window of words given a specific target word. Word2vec uses a
large corpus of text as its input, creating a vector space that typically has several hundred dimensions, with each unique
word being assigned a vector in the space. As a result, word vectors in the vector space are positioned so that words
sharing the same context in the corpus are close to one another.
FastText [8] is exploring ways to make linear text classifiers like[9, 10, 11] to train to billion of words within a few
minutes and to achieve performance comparable to the state-of-the-art models. It is inspired by Word2Vec [2] with its
main difference being that it focuses on n-grams instead of words to make more fine grained representations.
GloVe [12] is another algorithm creating word vectors. The authors have developed a global log-bilinear regression
model combining the benefits of two major families of models in the literature: global matrix factorization and local
context window models. They claim that matrix factorization methods manage to outperform shallow window-based
methods like Word2Vec in scenarios where there is a vast amount of data repetition.
2.2

Contextualized Word Embeddings

Traditional word embedding methods did not take into account the fact that a given word can have completely different
meaning in different contexts. Being able to understand and differentiate among different senses of a word increases the
quality of the produced results. Therefore, taking into account syntactical information and handling polysemic behavior
leads to better word representations. Recent approaches take the above into account and calculate word representations
as a function of the word’s contexts.
Word2Vec algorithm, which was mentioned in the previous section, as well as other traditional word embedding
methods, create a global vector representation of a word, considering all the sentences where the word is present. New
models, like Embedding from Language Model (ELMo) [13], propose contextual word embeddings. More specifically,
for every context where a word is used, ELMo produces a word embedding allowing to have different representations
for different senses of the same word.
2.3

Sentence Embeddings

BERT algorithm that has been recently proposed by Devlin et al. [14] introduces the idea of relationship among
sentences. It uses a transformer network to pre-train a language model to extract contextual word embeddings. Its
language modeling is based on different tasks. In one task, BERT randomly masks a percentage of words in the
sentences and only predicts the masked words while in another task, it tries to predict the next sentence given a specific
sentence. The latter task tries to model the relationship among sentences. BERT outperforms state-of-the-art techniques
by a large margin on key NLP tasks such as Question answering (QA) and Natural Language Inference (NLI) where
understanding relations among sentences is very important.
Roberta [15] focuses on improving the training of the BERT model. Its authors claim that BERT is under-trained
and propose four modifications to improve its performance and outperform many models published since it. They
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