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Abstract

Due to the exponential increase in the information on the web, extracting rel-
evant documents for users in a reasonable time becomes a cumbersome task.
Also, when user feedback is scarce or unavailable, content-based approaches
to extract and rank relevant documents are critical as they suffer from the
problem of determining semantic similarity between texts of user queries and
documents. Various sentence embedding models exist today that acquire deep
semantic representations through training on a large corpus, with the goal of
providing transfer learning to a broad range of natural language processing
tasks such as document similarity, text summarization, text classification,
sentiment analysis, etc. So, in this paper, a comparative analysis of six pre-
trained sentence embedding techniques has been done to identify the best
model suited for document ranking in IR systems. These are SentenceBERT,
Universal Sentence Encoder, InferSent, ELMo, XLNet, and Doc2Vec. Four
standard datasets CACM, CISI, ADI, and Medline are used to perform all the
experiments. It is found that Universal Sentence Encoder and SentenceBERT
outperform other techniques on all four datasets in terms of MAP, recall,
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F-measure, and NDCG. This comparative analysis offers a synthesis of
existing work as a single point of entry for practitioners who seek to use pre-
trained sentence embedding models for document ranking and for scholars
who wish to undertake work in a similar domain. The work can be expanded
in many directions in the future as various researchers can combine these
strategies to build a hybrid document ranking system or query reformulation
system in IR.

Keywords: BERT, cosine similarity, document ranking, information
retrieval, sentence embedding.

1 Introduction

A huge amount of data is uploaded on the internet every year. As a result,
speculating documents that meet the user’s requirements becomes a time-
consuming process. Moreover, the length of the user query is too small,
unstructured, incomplete, or imprecise, which is not enough to explain the
needs of the user. The average length of the query according to [1] was
2.30 words, which is the same as recorded several years ago [2]. Various
researchers proposed machine learning models based on different techniques
such as bag-of-words like BM25 [3] or query likelihood [4] and supple-
mented representation of text with n-grams [5], restricted vocabularies [6],
and QR (Query Reformulation) [7] to extract the relevant information from
the web. But the resultant information is still prone to the issues such as topic
drift, vocabulary mismatch, and low precision results. The retrieved infor-
mation coupled with unwanted results forces the user to either change the
query terms or sift through a long list of documents resulting in the problem
of Information Overkill. The main reason behind the problem is speculating
the documents based upon inadequate query terms at the database level and
correspondingly ranking them. Although, there exist techniques that either
contextually reformulates the user query [8–10] or contextually rank the doc-
uments using sentence embeddings [11–13], but no technique combined both
aspects simultaneously. Thus, there is a need for a combined approach that
can express the user’s information needs at the level of query submission as
well as document ranking. Before making an amalgam of query reformulating
and document ranking techniques, one of the main challenges is to decide
which best techniques to proceed with and how the performance boosting
of search results is validated. In this paper, a comparative analysis of six
sentence embedding models has been done to find the best technique to solve
the problem of Information Overkill.
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Embedding is defined as the procedure for mapping discrete variables to
a low dimension continuous vector [14]. Early embedding approaches only
worked with words wherein the embedding for each word in the corpus is
created [14–16]. The easiest way was the one-hot encoding of the sequence
of words; assigning a 1 to each word and a 0 to the others. While this worked
well for expressing words as well as various simple text-processing opera-
tions, it underperformed for complicated tasks such as inferring the different
meanings of a word in different contexts, the same meaning from different
words, locating related words in a sphere, etc. For example, if a user enters the
query “top Chinese hotel in Agra,” he is looking for results that include terms
like “Chinese food,” “hotels in Agra,” and “top.” The conventional techniques
such as One-hot encoding, Bag-of-Words, TF-IDF (Term Frequency-Inverse
Document Frequency), etc. will not identify the resemblance between ‘top’
and ‘best’ or the correlation between ‘food’ and ‘hotel’ and thus, he will not
receive a result corresponding to “best Chinese food in Agra”. In this case,
word embeddings can help solve the problem. In essence, word embedding
creates a vector representation of the data by not only converting the word but
also recognizing its semantics. Word2Vec [17], GloVe [18], ELMo [19], and
FastText [20] are a few prominent word embedding techniques to mention
here.

The basic idea is to gain knowledge from the words in the neighbourhood.
Researchers had discovered new ways to show incremental information on
the words, resulting in ground-breaking advancements in word embedding
techniques. What if we could work directly with individual phrases rather
than individual words? Using merely words in a huge text would be cum-
bersome, and the amount of information we could retrieve from the word
embeddings is restricted. Let us say we read the line “I hate packed locations,”
and then read “But I enjoy one of India’s crowded city Maharashtra.” How can
we get the query engine to make the connection between “packed locations”
and “crowded city”? Clearly, word embedding would be inadequate in this
case, thus sentence embedding can be applied to make sensible inferences
in the aforementioned scenario. Analogous to word embedding, sentence
embedding systems can also use vectors to represent complete sentences and
their semantics. This helps the search engine to understand the context, intent,
and other aspects of the user text. Document ranking against a user’s query
based on sentence embedding is a favoured research topic that also offers new
ways to help machines grasp our language.

In recent years, sentence encoders such as Google’s BERT and USE,
Facebook’s InferSent, and AllenAI’s SciBERT and ELMo have gotten a lot
of attention. A sentence can be encoded into deep contextualized embeddings
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using these pre-trained machine learning models. For several NLP (Natural
Language Processing) tasks, they have been shown to outperform earlier
state-of-the-art approaches such as Word2Vec, GloVe, ELMo, etc. [21–25].
Calculating semantic similarity and relatedness, which is crucial in construct-
ing efficient Information Retrieval systems, is one of these jobs. Work on
sentence encoders has previously focused on a variety of domains, including
social media posts [26], news [26, 27], and web pages [27]. Our goal is to see
how well some of the most popular sentence encoders do when it comes to
document relatedness and ranking.

1.1 Motivation of Work

The motivation behind the study is to thoroughly demonstrate sentence
embedding models to deal with the Information Overkill problem in IR
(Information Retrieval). The article investigates the applicability of existing
pre-trained sentence embedding models in determining document relevance
with respect to a user query and their comparative analysis to best fit in
different setups. The distinct motivation for this comprehensive survey is as
follows:

• To study existing machine learning techniques for document ranking to
deal with the Information Overkill problem in IR.

• To analyze the applicability of embedding techniques in different phases
of search engines and demonstrate how the search engine results
improve by using them.

• To perform the comprehensive and comparative analysis of recent pre-
trained embedding models.

To understand the need for embeddings and their applications in IR, it is
important to explore recent embedding techniques and perform a comparative
analysis. It will open new directions for the researchers to propose new
methods to deal with the Information Overkill problem in IR and improve
the performance of search engines.

1.2 Research Contributions

A comprehensive review has been conducted to investigate various sentence
embedding models for improving the performance of document ranking
systems in IR. The research methodology in Section 2 is designed to study
and compare various sentence embedding models. This is done using guide-
lines based on SLR (Systematic Literature Review) proposed in [28]. The
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papers we have referred to are from 2001 to 2022 and were written in the
English language. The main sources for paper consideration include Springer,
ACM, IEEE, Google Scholar, Elsevier, and ScienceDirect. Supplemental
literature from other journals has also been selected. The keywords such as
“sentence embedding models for IR”, “BERT”, and “Document ranking in
IR” have been considered in searching the relevant papers. Articles that have
utilized modalities like Information Retrieval, deep learning, cosine similar-
ity, USE etc. have also been considered. The conditions for the selection of
an article include an article that must be focused on sentence embedding
models for IR and used recent techniques like neural networks, evolutionary
computing, and fuzzy logic for document ranking with good indexing and
high citations. The conditions for rejection of an article include articles
written in languages other than English, duplicate articles, articles related
to other fields of IR like indexing and crawling, articles not available in full
text, and low citation index. The recent machine learning techniques that deal
with the Information Overkill problem in IR are studied and demonstrated
thoroughly. Existing sentence embedding models, their limitations, and their
benefits are summarised in tabular format. Sentence embedding helps in
solving the problem of missing information related to user query context. The
comparative analysis among the existing sentence embedding models based
on MAP, F-Score, recall, and NDCG on four standard datasets namely, Med-
line, CACM (Communications of the ACM), CISI (Centre for Inventions and
Scientific Information), and ADI has been carried and presented in Section 5.

1.3 Article Organization

Section 1 presents an introduction to the embedding techniques and the moti-
vation behind them. Section 2 covers a Systematic Literature Review (SLR)
related to the document relevance problem in IR. The issues and challenges
in the existing literature are identified and listed in Section 3. Section 4 thor-
oughly covers recent sentence embedding models for improving document
ranking systems in IR. A comparative analysis of six sentence embedding
models on different metrics is done in Section 5. Section 6 concludes the
findings of our study and future scope.

2 Literature Review

Document irrelevance is a major issue while presenting the search results
in response to a user query in IR systems [29]. Conventional IR systems
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were based on bag-of-words like BM25 [3] or query likelihood [4] and sup-
plemented the representation of text with n-grams [5], restricted vocabular-
ies [6], and query reformulation [7]. Recently, machine learning approaches
such as query reformulation on bag-of-sparse-features [30, 31], balancing
terms scores using BERT [32, 33], and adding terms to the document with
sequence-to-sequence models [34] can significantly improve the quality of
search results. However, these methods still rely on the lexical retrieval
framework, and thus, they could attain only a little improvement in semantic
inference [35].

Utilizing dense text representations, neural networks perform better for
semantic matching. Neural network models for IR may be divided into
two categories [36, 37] namely, interaction-based and representation-based
models. Models built on interactions between word pairs in queries and
documents are known as interaction-based models. These models primar-
ily learn local interactions between query and document, and then employ
deep neural networks to learn hierarchical interaction patterns among them.
The trained model is utilized for document reranking, but it may be pro-
hibitively expensive for initial-phase extraction. The major disadvantage of
interaction-based approaches is the loss of semantic information during the
transformation of documents and queries to similarity matrices. In contrast,
representation-based models train a unique vector for the query or docu-
ment and quantify their relevance using weighing functions such as cosine
similarity, okapi BM25 (BM stands for Best Matching), dice, etc. [37].
Further, Latent Semantic Indexing (LSI) [38], Siamese networks [39], and
MatchPlus [40] can be traced to representation-based neural retrieval models.
The work in [41] and [42] employed BERT-based retrieval to discover transits
for question-answering, while [43] proposed a deck of pre-training tasks
for phrase extraction. Azad et al. [44] presented a survey paper on various
query reformulation techniques for document ranking which can improve
the performance of IR systems. Various sentence embedding models exist
today that acquire deep semantic representations through training on a large
corpus, with the goal of providing transfer learning to a broad range of NLP
tasks such as document similarity, text summarization, text classification,
sentiment analysis etc.

So, machine learning, as well as neural network models, can help to
solve the problems of topic drift and Information Overkill in IR and many
researchers have contributed significant work for improving document rank-
ing. In Table 1, we present the contributions of researchers in a similar
domain.
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It may be observed from Table 1, that many researchers have proposed
methods to find semantic similarities between texts in different domains and
used different datasets. But, still, there is a scope for improvement in this
domain.

3 Issue and Challenges

This section discusses the issues and challenges faced in document ranking.
From the above discussion, it has been found that numerous researches
had been done for improving document ranking in IR. Still, there is a
scope for improvement in this domain. Most of the research work had
been focused on improving document ranking based on the relationship
between queries and documents in terms of syntactic and semantic rela-
tionships. These techniques suffered from various problems such as topic
drift [50, 52], vocabulary mismatch [6, 44, 47], extraction of irrelevant terms
[47, 50–52, 55] etc. These problems arise because no technique alone is able
to completely capture the various features of the query terms, leading to
irrelevant results. Also, the user’s query lacks clarity and is only vaguely
expressed. So, one solution is to make a hybrid of techniques considering
all the parameters which will improve the effectiveness of IR systems. Also,
the recently developed machine learning techniques discussed in Table 1 like
BERT, Transformers, Universal Sentence Encoder, etc., which focused on
both semantics as well as context can be used along with other techniques.
A new similarity measure or framework can also be designed based on the
above techniques to effectively extract the documents and correspondingly
rank them. In order to optimize the solution further to obtain the best values
of weights for terms, genetic algorithms can also be applied. So, one can
design a hybrid framework that applies sentence embedding models to obtain
context-aware embeddings, and a genetic algorithm to optimize the weights
of extracted terms for query reformulation. The major challenge for document
ranking is to understand the intent of the users from the query and find the
documents accordingly. To tackle this, we use sentence embedding models
which capture the contextual features of queries as well as documents.

4 Embedding Models

Sentence embeddings are a document processing approach for mapping
sentences to vectors as a way of encoding text with real numbers that
can be used in machine learning. Similarity assessments, such as cosine
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Figure 1 Embedding models.

similarity or Manhattan/Euclidean distance, assess semantic textual sim-
ilarity so that the results can be used for different NLP tasks, such as
Information Retrieval, paraphrasing, and text summarization. Deep learn-
ing is now the best-performing approach for every NLP task, according to
benchmarks [56–58]. Deep learning advances in recent years, particularly
the Transformer architecture [59], have resulted in SOTA (state-of-the-art)
NLP scores that are much better than older methods like Word2Vec, GloVe,
ELMo, etc. [21–25].

In recent years, sentence encoders like Google’s BERT and USE, Face-
book’s InferSent, and AllenAI’s SciBERT and ELMo have gotten a lot
of attention. A sentence can be encoded into deep contextualized embed-
dings using these pre-trained machine learning models. For several natural
language processing tasks, they have been shown to outperform SOTA
approaches such as Word2Vec, GloVe, ELMo, etc. [21–25]. Calculating
semantic similarity and relatedness, which is crucial in constructing efficient
Information Retrieval systems, is one of these jobs. The various text embed-
ding models are systematically organized in a hierarchical structure as shown
in Figure 1. The first level represents the paradigm, the second level repre-
sents the architecture used, the third level reflects the different embedding
models corresponding to previous levels and the last level represents the data
on which different embedding models were pre-trained.

As the paper mainly focuses on sentence embedding models, the six
most popular sentence embedding models viz. Doc2Vec, SentenceBERT,
InferSent, Universal Sentence Encoder, ELMo, and XLNet are critically
reviewed on the basis of four vital parameters such as architecture, working,
applications, and data used and given in the following subsections.

4.1 Doc2Vec

Doc2Vec embedding, an extension of Word2Vec, is one of the most widely
used approaches for sentence embedding. It was first introduced in 2014. It is
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Figure 2 Doc2Vec framework for learning paragraph vector.

an unsupervised technique that extended the Word2Vec model by providing
an additional ‘Paragraph Vector (PV)’. PVDM (Distributed Memory version
of Paragraph Vector) or PVDBOW (Distributed Bag of Words version of
Paragraph Vector) was used to perform the addition of paragraph vector [60].
The term “paragraph” refers to texts of various lengths, including phrases,
paragraphs, and in this case, the entire document. In the PV framework, every
paragraph and every word are mapped to a unique vector, represented by
columns in matrix D and matrix W, respectively (Figure 2). For obtaining the
final sentence representation, either the average or conjugate of the paragraph
vector and words vector is taken. Due to the input being the combined size of
the tag(s) and every word in the context rather than the size of a single word
vector, conjugate produces a substantially larger model [61].

In the past, researchers had proven that PV performed better than other
language models on a number of tasks such as question-answering, sentiment
analysis, sentence similarity, etc. [62–64] and has great potential for IR [60].
The PV model can estimate a document-level language model to jointly
learn word and document embeddings. Incorporating it into the language
model framework for IR tasks is therefore simpler. Authors in [63] performed
an analysis of the PV model for IR. The Doc2Vec model was used by
the authors of [65] to analyze linguistic features to answer re-ranking of
why-questions. The continuous bag-of-word model (CBOW) and continuous
skip-gram model (CSG) concepts are both used by the model to compute
Doc2vec similarity and estimate the likelihood that each answer candidate
positively contributed to the question.

4.2 SentenceBERT

SentenceBERT, the current leader of the pack, debuted in 2018 and quickly
rose to the top of the sentence embeddings leaderboard. Sentence BERT
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Figure 3 Sentence BERT architecture.

produces fixed-sized sentence embeddings by fine-tuning pre-trained BERT
and RoBERTa networks. As shown in Figure 3, this is accomplished by
utilizing a Siamese network structure. The pre-trained language model in this
Siamese network can be BERT or RoBERTa, the default pooling technique
is to compute the average of all output vectors, and u and v are the sentence
embeddings. S-BERT adds a pooling operation to a BERT/RoBERTa model’s
output in order to construct a fixed-sized sentence embedding. The default
pooling approach is MEAN, which was found to be superior to using
the [CLS]-token output or a MAX pooling strategy. A fixed-sized sentence
embedding is essential for creating embeddings that can be used quickly
in downstream tasks like inferring semantic textual similarity using cosine
similarity scores. S-BERT uses a regressive objective function for inference
within a Siamese network that is similar to the one used for fine-tuning once
it has been trained. The cosine similarity between two sentence embeddings
‘u’ and ‘v’ is computed as a score between [−1. . . 1], as shown in Figure 3.
Here, it may be noted that concatenation is not required prior to computing the
cosine similarity of the sentence embeddings because the regressive objective
function is optimized with mean-squared error loss. Authors in [66] demon-
strated the dramatic speed increase in 2019 using SBERT for extracting the
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Figure 4 InferSent flow architecture.

most similar sentence pair from 10K sentences. With SBERT, embeddings
are constructed in around 5 seconds and compared with cosine similarity in
about 0.01 seconds as opposed to 65 hours with BERT.

4.3 InferSent

Facebook AI Research introduced InferSent, a supervised sentence embed-
ding method in 2017 [67]. The most significant characteristic of this model is
that it was created using SNLI (Stanford Natural Language Inference) dataset.
The InferSent architecture consists of two stages as shown in Figure 4:

1. At the first stage, the sentence encoder takes word vectors and encodes
sentences into vectors.

2. At the second stage, an NLI classifier trains the sentence vectors using
the encoded vectors as input.

It may be noted that it also employs a Siamese network, much like
the SentenceBERT, but instead of max-pooling only, it uses a bi-LSTM, a
neural network with memory, with the max-pooling operation to recall the
complete sentence to encode [68]. As a result, InferSent embeddings offer
detailed semantic representations of sentences, however, their generation and
training are sluggish due to the complex Bi-LSTM structure. This model
also struggles with long-term context dependencies in comparison with the
transformer-based models for long sentences.

4.4 Universal Sentence Encoder (USE)

USE is one of the most effective sentence embedding systems; recommended
by Google. It was introduced in 2018 [69]. The most important feature of
USE is that it can be used for multiple tasks, such as sentiment analysis, text
categorization, sentence similarity, removal of duplicate sentences etc. This
encoder is based on two different types of encoders, transformer and Deep
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Averaging Network (DAN). Compared to the DAN encoder, the transformer
encoder is more accurate and computationally demanding. Both models may
generate embeddings for a single word or a sentence. The general workflow
is as follows:

i. Firstly, sentences are tokenized once they have been converted to
lowercase.

ii. The sentence is then converted into a multi-dimensional vector, depend-
ing on the type of encoder used. In the case of the transformer, it
may be identical to the encoder component of the transformer structure
and utilizes the self-attention mechanism as shown in Figure 5(a). The
DAN calculates the bigram and unigram embeddings first, adding them
together to produce the single embedding. Following the loading of the
data, a deep neural network generates the 512-dimensional sentence
embeddings as shown in Figure 5(b).

iii. These sentence embeddings can be applied to supervised as well
as unsupervised tasks, like Skipthoughts and NLI (Natural Language
Inference).

Figure 5(a) USE with transformer.
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Figure 5(b) USE with deep averaging network.

4.5 ELMo

This model, which was published in early 2018, generates deeply contex-
tualized word embeddings using Recurrent Neural Networks (RNNs) in the
form of LSTM architecture, as illustrated in Figure 6 [70]. Current models
may easily incorporate ELMo embeddings, which significantly improve the
state of the art for many challenging NLP tasks like sentiment analysis,
textual entailment, and question answering. The name “ELMo” stands for
“Embeddings from Language Models” [19] and refers to how the embeddings
are calculated from the internal states of a two-layer bidirectional Language
Model (biLM). Each of the two biLM layers has two passes – a forward
pass and a backward pass – and they are stacked together. A character-level
Convolutional Neural Network (CNN) is used in the architecture to convert
the words of a sentence into raw word vectors. These unprocessed word
vectors are then fed to the first layer of the biLM. The forward pass contains
both additional information about a word and its context (the words that come
before it). The backward pass contains information about the word and the
context after it. This pair of data from the forward and backward passes make
up the intermediate word vectors. The following layer of the biLM is then
given these intermediate word vectors. The final representation (ELMo) is
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Figure 6 ELMo.

Figure 7 Basic architecture of XLNet.

the weighted sum of the two intermediate word vectors and the raw word
vectors.

4.6 XLNet

This is the most recent nominee for the “Coolest New NLP Model” intro-
duced in 2019 [71]. To achieve bidirectional dependencies, it takes a different
strategy than BERT (i.e., being able to learn context by not just processing
input sequentially). The Transformer-XL model’s pre-trained variant, XLNet,
optimizes the expected likelihood over all permutations of the input sequence
factorization order in order to learn bidirectional contexts using an autore-
gressive approach. It combines the concepts of auto-regressive models and
bidirectional context modelling while overcoming the limitations of BERT’s
and beating it on 20 tasks, frequently by a significant margin. These tasks
include question answering, natural language inference, sentiment analysis,
and document ranking. The basic architecture of XLNet is shown in Figure 7.
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The key characteristics of XLNet are as follows:

• As a result of considering all possible permutations of factorization
order, XLNet computes the most likely sequence. Consequently, when
calculating the expectation, each position learns to capture contextual
information from all positions, therefore capturing bidirectional context.

• Unlike BERT, XLNet does not depend upon data corruption, hence it
does not have the pretrain finetune discrepancy.

• XLNet incorporates Transformer-XL’s novelties, such as the recurrence
mechanism and relative encoding. As a result, tasks requiring a longer
text sequence perform better.

5 Comparative Analysis

To compare the performance of various embedding models, the experiment
is carried out to address the following research questions:

RQ1: Which model will work best as the foundation for the generation
of sentence embedding using transfer learning?
RQ2: What are the strengths and weaknesses of each model?
RQ3: To explore unseen issues in sentence embedding models for
document ranking that require further research?

5.1 Evaluation Metrics Used

To answer RQ1, we need to determine the performance of each of the
underlying models discussed in Section 4. We use Recall (R), Mean Aver-
age Precision (P), Normalized Discounted Cumulative Gain (NDCG), and
F-measure as evaluation parameters. Recall, Precision and F-measure are
computed using Equations (1), (2), and (3) respectively.

R =
|RELEXT |
|RELq|

(1)

P =
|RELEXT |
|RET |

(2)

Here, RELEXT refers to the retrieved documents that are relevant to
the user query, RET refers to the ranked list of retrieved documents, and
RELq refers to the relevant documents that are actually useful to the user
and match his search needs. For the sake of better understanding, let us
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consider a test case for query, q, on document collection D, where |D| = 600
and relevant documents for the query, RELq = {d3, d5, d9, d25, d39, d44,
d56, d71, d89, d123, d499, d550}. The ranked list of retrieved documents
represented by RET ; RET = {d123, d9, d38, d84, d511, d44, d56, d129,
d250, d6, d187, d8, d25, d3}. Hence relevant documents in the extracted
set, RELEXT = {d123, d44, d56, d9, d25, d3}. So, from above discussion,
Precision = 6/14 = 43% and Recall = 6/12 = 50%.

The datasets used in this paper also contain a list of relevant documents
i.e., RELq corresponding to each query. We assume RET = 10 i.e., we
consider the top 10 extracted documents. The RELEXT can be generated
by taking the intersection of generated relevant document set RET with the
given list of relevant documents RELq. We conducted the experiment with
241 queries over 5779 documents.

The F-Measure approach, which is generated from precision and recall
by taking their harmonic mean, is also used. It can be calculated as given in
Equation (3).

F = ((ρ2 + 1)P ∗R)/(ρ2P +R) (3)

where P is precision, R is recall, and ρ enables us to choose the relative
precision and recall while evaluating performance. In our experiment, the
value of ρ is set to 1. When the metric is equal to 1, we call it the balanced
metric.

MAP: The TREC (Text Retrieval Conference) community uses MAP as
one of the most used measures [72]. To determine the MAP, we must first
determine the precision of each relevant document. All relevant documents
that are not part of the output are given a precision value of 0. The average
of these precision scores is then used to determine the average precision of
a single query. The average precision for each query, which is the MAP for
many queries, is then calculated.

For a query qj from the set of queries Q, let Ri be the relevant documents
extracted by the system. Assume that P (Ri[k]) represents the precision
estimated until Ri[k] is noticed in the ranking. Ri[k] will be 0 if the Kth
ranked document cannot be retrieved. The average precision score “AP” for
query qi is therefore determined as given in Equation (4).

AP i =
1

|Ri|

|Ri|∑
k=1

P (Ri[k]) (4)



A Comparative Analysis of Sentence Embedding Techniques 2171

The MAP is computed using Equation (5).

MAP =
1

|Q|
∑
i=1

|Qi|AP i (5)

NDCG: The NDCG is a ranking quality metric. This metric is used to
evaluate document retrieval strategies in IR. The following premise must be
kept in mind in order to fully understand the notion of NDCG: “The highly
relevant documents are more useful than the moderately relevant documents,
which are in turn more useful than the irrelevant documents”. A relevance
score is given to each retrieved document called recommendation. The sum
of all the relevance scores in a recommendation set is the cumulative gain
(CG) determined as given in Equation (6).

CG =

n∑
k=1

relevancek (6)

CG only considers relevance scores into account and does not use the
position of the document due to which sometimes it fails to accurately
calculate results. In order to discount the relevance score, another metric
called DCG (Discounted Cumulative Gain) divided the relevance score by
the log of the corresponding position in the computation using Equation (7).

DCG =
n∑

k=1

2relevancek − 1

log2(k + 1)
(7)

The quantity of recommendations delivered to each user may vary
depending on a variety of criteria. The DCG will consequently change.
We need a score with appropriate upper and lower bounds so that we can
use it to generate the final score, which is the average of all the recommen-
dation scores. This normalization is brought about by NDCG. To compute
NDCG for each recommendation set, we must first calculate DCG of the
recommended order and DCG of the ideal order (iDCG). NDCG is the result
of dividing DCG of the recommended order by DCG of the ideal order as
given in Equation (8).

NDCG =
DCG

iDCG
(8)

This ratio will always be in the range [0, 1].
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                                  (a)                (b) 

        

                                      (c)            (d) 

Figure 8 Performance evaluation of various sentence embedding techniques on different
datasets using MAP, mean recall and NDCG.

Figures 8(a)–8(d) depict performance evaluation using the mean average
precision, NDCG and mean recall matrices of underlying sentence embed-
ding models at top 10 documents cut-off using CACM, CISI, ADI and
Medline datasets.
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Figures 8(a)–8(d) show the experimental results for the comparative
performance of six pretrained sentence embedding models in terms of MAP,
Recall and NDCG on four different datasets, which aims to answer RQ1. All
the datasets are pre-processed under a similar experimental setup. It may be
noted from Figures 8(a)–8(d) that USE and SentenceBERT based sentence
embedding techniques outperformed other sentence embedding techniques
on all the four datasets. Particularly, the USE sentence embedding model
outperformed other models by 26.48 %, 8.97% and 17.6% for ADI, CISI, and
CACM dataset respectively while in case of Medline dataset, SentenceBERT
outperformed other models by 23.36%. The reason behind the outstanding
performance of USE over rest of the models is deeply investigated. It is
found that being a multi-task model, its architecture forgoes recurrence for
the attention-based transformer, that adds to its performance and make it
well suited with transfer-learning. Besides, the embeddings generated using
USE are the most adaptable to domain-specific tasks and the simplest to
implement.

F-Measure is a good choice for comparing different models because the
high value of the F-Measure indicates the retrieval effectiveness of the model
with respect to a user search. Therefore, we obtain the F-measure values for
each of the underlying model to more precisely answer RQ1. These values
are plotted using line graphs as given in Figures 9(a)–9(d).

From the graphs in Figures 9(a)–9(d), it is inferred that the USE model
effectively retrieves the relevant documents with respect to a user query A
possible reason for the high F-Measure obtained by the USE model on all
four datasets is that it was trained on both SNLI and web question-answer
pages, and there exists a similarity between these tasks and the training data
used for the USE model.

The documents extracted using sentence embeddings generated by USE
are further used to reformulate the initial query to improve the results further,
as these documents are similar to the query raised by the user in terms of
semantics as well as context. This will remove the problem of the topic draft
which arises due to the extraction of irrelevant documents as discussed in
Section 3 of this paper.

5.2 Strength and Weakness

Each sentence embedding approach has its some merits and demerits. There
were a lot of advances in sentence embedding approaches in the last few
years. But there is no sentence embedding approach made that can perform
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Figure 9 Plot of F-Measure over various datasets (ADI, Medline, CISI and CACM dataset).

well on every downstream NLP task. So, one should choose an embed-
ding model keeping in mind the task to be performed using it. Out of the
six discussed models, doc2vec most closely resembles the word2vec word
embeddings, which merely add a learnt vector specific to every paragraph
to the training and inference stages. Doc2vec offers an improvement over
existing methods that average word embeddings, but it does not explicitly
represent word order or take polysemy into account.

SentenceBERT embeddings are trained on the decision of whether a
sentence could follow another one. In order to train a new encoder, Sentence-
BERT requires a large amount of continuous text. InferSent however needs
annotated data and is, therefore, the most difficult option if a specialized
encoder is desired. ELMO and SentenceBERT are capable of generating
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different word embeddings that capture the context of a word – its location
within a sentence. As the ELMo uses bidirectional LSTM it can get an
understanding of both the next and previous words in the sentence. InferSent
and Elmo encoders are also too narrow in predicting what embeddings can
contain. In contrast, ELMo is a character-based model that handles out of
vocabulary words by employing character convolutions. XLNet combines the
concepts of auto-regressive models and bidirectional context modelling while
overcoming the limitations of SentenceBERT’s and beating it on 20 tasks,
frequently by a significant margin. These tasks include question answer-
ing, natural language inference, sentiment analysis, and document ranking.
By emphasizing transfer learning with multi-task learning, the universal
sentence encoder differs from the other techniques by eschewing recurrence
for the attention-based transformer. Embeddings generated using USE are the
most adaptable to domain-specific tasks and are easy to implement.

5.3 Discussion

To compare contextually the behavior of various sentence embedding models
for document ranking, it is required to effectively train them on different types
of datasets. For this purpose, four datasets belonging to different domains are
utilized; one containing biomedical abstracts, another containing computer
science ACM abstracts, another containing information science abstracts, and
the last one containing abstracts on information management. The Medline
dataset contains 30 queries and 1033 documents, the CISI dataset contains
112 queries and 1460 documents, the CACM dataset contains 64 queries and
3204 documents, and the ADI dataset contains 35 queries and 82 documents.
To proceed with the experiment, it is required to pre-process the queries
and documents. After that, six pretrained sentence embedding models have
been used to generate contextualized sentence embeddings corresponding
to a given corpus of documents and queries respectively. Lastly, the cosine
similarity score between each document corresponding to a user query is
calculated. The cosine similarity is advantageous because even if the two
similar documents are far apart by the Euclidean distance (due to the size
of the document), chances are they may still be oriented closer together.
A document with a higher cosine similarity rate with respect to the query is
considered as more similar to the query. So, based on this score, a ranking of
documents has been done to upgrade the IR system’s performance. The com-
parison of various sentence embedding models based on the F measure is
graphically presented in Figures 8(a)–8(d). It may be noted from the graphs
that the F measure is high in USE.
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It has also been observed from the values in Figures 8(a)–8(d), that less
improvement is there in terms of precision, recall and F measure. This may
be due to the fact that although these models were able to deal with context-
related problems, but because they were trained on general domain corpora
like Wikipedia, their applications are restricted to certain tasks or areas.
So, in the future, we can further improve the performance of these models
by combining them with other techniques like evolutionary algorithms which
can further optimize the performance. Also, datasets used contain documents
and queries written only in the English language. So, one question arises
whether we can use these models for multi-lingual documents or queries,
which will be the scope for future work.

6 Conclusion

Many sentence embedding techniques exist today that acquire deep semantic
representations by training on a large corpus, with the goal of providing
transfer learning to a wide range of NLP tasks such as text summariza-
tion, text similarity, sentiment analysis, question-answering, etc. The present
study does a comparative analysis of six pre-trained sentence embedding
techniques for document ranking to upgrade the IR systems performance.
Sentence embedding techniques were used for converting text to appropriate
vector representations. The similarity scores between the embedded vectors
of queries and documents were calculated by using the cosine similarity
method. The study was carried out with six sentence embedding techniques
(Doc2Vec, SentenceBERT, InferSent, Universal Sentence Encoder, ELMo,
and XLNet) on four datasets (CACM, CISI, ADI and Medline datasets). It has
been found that Universal Sentence Encoder and SentenceBERT outperform
other techniques on all four datasets in terms of MAP, recall, F-measure, and
NDCG. The obtained results may be commercially very useful for industries
in downstream NLP and TAR (technical assistance reports) applications
to effectively inject the domain-specific semantic context into the search
engine. Some of these applications include recommendation systems, chatbot
systems, query auto completion, query reformulation and microblogging.
Ultimately, the semantically richer sentence embedding models like Uni-
versal Sentence Encoder and SentenceBERT may be plugged into existing
NLP models to dramatically improve the performance of NLP professional
toolkits and aid to language data service providers. Further, it has also
been observed that different sentence embedding techniques can capture the
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different features of the terms, however, sentence embedding techniques are
still very far from the concept of USE that can have a broad transfer quality.

In the future, the work can be expanded in many ways by combining
these methodologies to build a hybrid ranking system to score the documents.
Future studies will also focus on improving these strategies by including
different similarity measurements to achieve better results.
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