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Abstract: The field of natural language processing (NLP) has witnessed a transformative phase during the recent years which has
led to significant developments in sentence embed- ding techniques. This survey aims to explore the key advancements in the
contextualized sentence representations, focusingon both transformer-based models, including BERT, DistillBERT, RoBERTa, and
XLNet, and LSTM-based models, such as ELMo, InferSent, and SBERT. This research dives deep into the his- torical context,
motivations, and applications of these models,and dives deep to provide a comparative analysis that highlights their performance
across various NLP tasks. The survey servesas a comprehensive guide for researchers, practitioners, and enthusiasts, providing
insights into the strengths, weaknesses,and considerations associated with each model. With a focus on performance, efficiency, and
task-specific adaptability, this surveyoffers a detail analysis of various language models in the context of sentence embeddings for better
understanding the dynamic intersection of language and computation.
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1. Introduction

The field of Natural Language Processing (NLP) has seen
a lot of developments recently, with one of the key
areasbeing sentence embeddings. Sentence embeddings can
be thought of as special codes that computers use to
understand the meaning and relationships between
sentences, rather than just treating them as a set of words.
Therefore, sentence embeddings, or vector representations
of sentences, play a vital role in capturing contextual
information, enabling machines to comprehend the
relationship and meaning embedded within natural
language.

In this survey, we dive deep into the key advancements
by exploring diverse approaches in the context of sentence
embeddings. The surveyed techniques encompass a
spectrum of models, ranging from the revolutionary
Transformer-based  architectures, such as BERT,
DistilBERT, RoBERTa, and XLNet, to the context-aware
LSTM-based models like ELMo, InferSent, and Sentence-
BERT (SBERT).

The motivation behind this survey stems due to the
important role that contextualized sentence embeddings
play in understanding the latent semantic structure of
natural language. Traditional methods often struggled to
capture the complexities of language, leading to a paradigm
shift towards techniques that consider context and leverage
large-scale pre- training on diverse corpora.

The objectives of this survey are: first, to provide an in-
depth understanding of the key sentence embedding
techniques developed recently; second, to analyze the
underlying architectures and training methodologies
employed by each approach; and third, to offer insights into
the comparative strengths and weaknesses of these models
across various NLP tasks.

Through a structured exploration of Transformer-based and
LSTM-based models, we aim to present a comprehensive

overview of the state-of-the-art sentence embedding
techniques, shedding light on their applications,
optimizations, andthe challenges that lie ahead. By doing
so, this survey aims to serve as a valuable resource for
researchers, practitioners, and enthusiasts in the ever-
evolving domain of natural language processing.

2. Background

a) Historical Context of Sentence Embeddings

The research for generating effective sentence
representations has been an area of focus in natural
language processing since the beginning. Traditional
methods have often relied on bag-of-words models to
generate fixed length vector representation of sentences but
these methods often disregard the sequential nature of
language and fail to capture the relationshipsbetween words
within sentences. This limitation inspired the exploration of
more sophisticated techniques, leading to the development
of sentence embeddings techniques.

Early approaches, such as Word2Vec [1] and GloVe [2],
laid the groundwork by generating static word embeddings,
offering insights into word semantics. However, these
methodsfell short when applied to entire sentences, as they
overlooked the contextual nuances and varying meanings
that words can assume within different contexts.

b) Limitations of Traditional Methods

The limitations of traditional methods became increasingly
apparent as NLP tasks started evolving which required a
deeper understanding of language. Sentences often carry
com- plex structures, dependencies, and variations in
meaning that demand a more nuanced representation.
Addressing these challenges required a paradigm shift
toward language models that are capable of capturing
contextual information and can adapt to the dynamic
nature of language.

The limitations of static representations of words within
the embeddings and the growing demand for contextualized
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understanding, researchers turned their attention to novel
architectures and training methodologies. This was a
transformative phase in the field of NLP, witnessing the
introduction of models that leveraged advanced neural
network architectures and large-scale pre-training useful
for generating meaningfulsentence embeddings.

c) The Rise of Context-Aware Sentence Embeddings

The introduction of transformer-based architectures [3], led
to a pivotal breakthrough brought about by the emergence
of context-aware sentence embeddings, notably BERT [4],
which demonstrated the power of bidirectional context
modeling in capturing intricate language patterns. Rather
than treating sentences as static sequences of words, these
models attemptto understand language with the context.
Therefore, motivated by the success of BERT, researchers
explored variations and optimizations, leading to the
development of Distill- BERT, RoBERTa and XLNet, each
contributing novel insightsinto contextualized embeddings.
Simultaneously, LSTM-based models like ELMo, designed
to capture contextual information through bidirectional
processing, and specialized models like InferSent and
SBERT, focused on fine-tuning embeddings for specific
tasks which added further depth to the evolving research.

d) Motivation for the Survey

The motivation behind this survey is essentially to provide
an in-depth exploration of the advancements in sentence
embedding techniques developed during the recent years.
With the advent of context-aware models, NLP tasks have
witnessedsubstantial improvements in performance, ranging
from sentiment analysis to information retrieval. By
performing a survey of these techniques comprehensively,
we aim to provide the researchers, practitioners, and
enthusiasts with a consolidated resource that not only
highlights the key developments but also helps in
understanding the details, strengths, and potential
applications of each approach. Therefore, this survey aims
to contribute to the understanding of development in
sentence embeddings techniques that have shaped the recent
evolution of natural language processing.

3. Core Concepts

a) Transformer-Based Models

e BERT (Bidirectional Encoder Representations from
Transformers): BERT is a language model introduced
by Google [4] which revolutionized the field of NLP
by introducing a bidirectional transformer architecture.
BERT’s key innovation lies in its ability to consider
context from both directions, allowing it to capture
dependencies between words in detail within a
sentence. Due to its pre-training on vast amounts of
unlabeled data, BERT generates contextually rich
embeddings that have become a benchmark for various
downstream NLP tasks.

e RoBERTa (Robustly optimized BERT approach):
RoBERTa is an optimized version of BERT
developed byFacebook Al [5], builds upon BERT’s
innovative approach. ROBERTa was introduced with
additional modifications such as dynamic masking,
removing the Next Sentence Predictionobjective, and
training with larger mini-batches. These

optimizations resulted in an improved performance
across various tasks and demonstrated the impact of
refining BERT-based architectures.

o DistilIBERT: DistillBERT is a distilled version of
BERT [6], which focuses on compressing the original
BERT model while retaining its essential
representations. This distilled variant is designed to be
computationally more efficient, making it suitable for
applications with resource constraints. Despite its
reduced size, DistilBERT has demonstrated
competitive performance across various NLP tasks,
showcasing the potential for model distillation in
achieving a balance between efficiency and
effectiveness.

e XLNet: XLNet takes a generalized autoregressive
approach for pretraining [7]. It combines the strengths
of both autoregressive and permutation language
modeling objectives, outperforming BERT on various
benchmarks. XLNet show- cases the versatility of
transformer architectures and highlightsthe importance
of innovative pre-training strategies.

b) LSTM-Based Models

e ELMo (Embeddings from Language Models): ELMo
was developed by the Allen Institute for Artificial
Intelligence [8] and it adopts a different approach by

utilizing bidirectional LSTMs. ELMo generates
embeddings by combining hidden states of a
bidirectional LSTM model, capturing context-

dependent word representations. Its contribution lies in
pro- viding deep contextualized embeddings that excel
in tasksrequiring in depth semantic understanding of
sentences.

o InferSent: InferSent [9] uses bidirectional LSTMs for
sentence embeddings and is specifically trained on
natural language inference data. InferSent excels in
capturing semantic entailment and relationships
between sentences by learning from sentence pairs with
known logical relationships. This task-specific
approach showcases the flexibility of LSTM- based
models for various NLP applications.

e SBERT (Sentence-BERT): SBERT [10] extends the
BERT model to generate embeddings for entire
sentences. It achieves this by modifying the training
objective of BERT to consider semantically similar
sentence pairs. Therefore SBERT demonstrates the
adaptability of transformer architec- tures for
specialized tasks, particularly focusing on refining
embeddings for sentence-level semantics.

4. Applications

Due to the advancements in sentence embedding techniques
they can be used in diverse applications across various
natural language processing tasks. The contextualized
representations of sentences generated by these models
have significantly enhanced the performance of various
applications. In this section, we explore some of key areas
where sentence embeddings are useful for NLP
applications.
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a) Text Classification

Sentence embeddings are useful in text classification tasks
where the goal is to categorize text into predefined classes.
Language models like BERT, DistillBERT and RoBERTa
have the ability to capture contextual information and
have demonstrated state-of-the-art performance in tasks
such as sentiment analysis, topic categorization, and
document classification. The nuanced understanding of
language provided by these embeddings allows for more
accurate and context-awareclassification.

b) Sentiment Analysis

Understanding the sentiment expressed in text is a crucial
aspect of NLP which has applications ranging from
customer reviews to social media monitoring. Models like
BERT, Dis- tilIBERT and XLNet are known to excel at
capturing context and relationships within the sentences and
have significantly improved sentiment analysis accuracy.
The fine-grained con- textual embeddings enable these
models to detect sentiment polarity and intensity with a
high degree of precision.

c) Information Retrieval

Sentence embeddings play a vital role in information
retrieval tasks, where the goal is to retrieve relevant
documents or passages given a query. Embeddings
generated by models like BERT and SBERT have been
utilized to represent both queries and documents,
facilitating more accurate matching and retrieval. This has
proven beneficial in applications such as search engines,
question answering systems, and document similarity
assessment.

d) Named Entity Recognition (NER)

Identifying and classifying named entities within text is a
fundamental task in NLP. Context-aware sentence
embeddingsthat are generated by BERT, DistillBERT and
RoBERTa have demonstrated improved performance in
NER applications. The ability to capture contextual
dependencies is helpful in recognizing entities even within
the complex linguistic structures.

e) Paraphrase Detection

Paraphrase detection is an application that involves
determining whether two sentences convey similar
meaning. Models like InferSent and SBERT which are
trained on tasks like natural language inference particularly
excel in capturing semantic relationships between
sentences. This makes them highly effective in paraphrase
detection applications which can be used for plagiarism
detection, question paraphrasing, and text summarization.

f)  Question Answering

Sentence embeddings are widely used in question answering
systems to enhance the understanding of both questions and
text document used as a reference to understand the context.
BERT language model with its bidirectional context
modelinghas shown remarkable performance in tasks where
a deep understanding of context is essential for providing
accurate answers. The contextualized embeddings enable
these models to grasp the fine details of questions and
provide more accurateresponses.

4.1 Cross-Lingual Applications

Models like Universal Sentence Encoder have been trained
to provide sentence embeddings that are independent of the
language used. This makes them particularly valuable in
cross- lingual applications, where understanding and
representing sentences across different languages are
essential. Cross- lingual embeddings contribute to
applications such as machine translation, information
retrieval in multilingual contexts and other applications
requiring language-independent representations.

5. Comparative Analysis

In this section, we conduct a comparative analysis of
the sentence embedding techniques discussed in this survey.
The evaluation aims to highlight the strengths, weaknesses,
and comparative performance of these models across
various natural language processing (NLP) tasks.

a) Performance on Benchmark Datasets

1) Text Classification: BERT, RoBERTa, and XLNet
consistently exhibit state-of-the-art performance in text
classification tasks, showcasing their ability to capture
detailed contextual information. However, the
computational cost associated with these transformer-
based models may pose challenges in real-time
applications. DistilBERT which is a distilled version
of BERT designed for computational efficiency, offersa
more lightweight alternative. While sacrificing some
performance compared to the full-sized BERT,
DistilIBERT exhibits promising results, particularly in
scenarios where resource efficiency is paramount.
InferSent and SBERT, while not reaching the
computational intensity of transformer models,
demonstrate competitive per- formance in text
classification, particularly in scenarios with resource
constraints.

2) Sentiment Analysis: BERT and XLNet outperform
traditional methods used in sentiment analysis by
benefiting from their bidirectional context modeling
and RoBERTa’s performance closely follows with its
optimization strategies. The LSTM-based model ELMo
also shows competitive results thus emphasizing the
effectiveness of contextualized embeddings insentiment
tasks. On the other hand, DistillBERT with its focus on
computational efficiency, provides a compelling option
for sentiment analysis applications where real-time
processing is critical. Its reduced size makes it suitable
for environments with resource limitations.

3) Information Retrieval: SBERT which is known to
generate semantically meaningful sentence
embeddings, has shown effectiveness in information
retrieval tasks. BERT, RoBERTa, and XLNet, with
their contextualized embeddings, also contribute to
improvement in document retrieval tasks but their
computational demands may impact real-time appli-
cations. On the contrary, DistillBERT as a
computationally efficient variant of BERT offers a
balance between performance and efficiency in
information retrieval scenarios.
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b) Robustness and Generalization

1) Handling Out-of-Distribution Data: BERT and XLNet
have been extensively pre-trained on diverse corpora
and there-fore demonstrate robustness in handling out-
of-distribution data. ROBERTa which benefits from the
optimization strategies also shows similar resilience.
DistilIBERT, while reducing model size, maintains a
degree of robustness, showcasing its good potential in
scenarios with varying data distributions.On the other
hand, LSTM-based models, such as ELMo and
InferSent, may exhibit variations in performance
depending onthe diversity of the training data.

2) Transfer Learning Capabilities: Models like USE and
DistillBERT showcase strong transfer learning
capabilities, providing valuable embeddings even in
scenarios with limited task-specific training data. This
makes them suitable for a wide range of applications
where transfer learning plays a crucial role.

c) Computational Efficiency

1) Inference Speed: LSTM-based models, such as ELMo
and InferSent, usually demonstrate faster inference
speeds compared to transformer-based models like
BERT and XLNet. While transformer models offer
superior performance, their computational demands
may pose a challenge for real-time applications.
DistillBERT on the other hand is designed for
efficiency and further addresses the computational
challenges associated with larger transformer models,
making it a favor- able choice for applications
prioritizing inference speed.

d) Task-Specific Considerations

1) Specialized Tasks: InferSent and SBERT are designed
with specific objectives such as natural language
inference andsentence embeddings and therfore tend to
excel in specialized tasks. Hence these models are good
examples that showcase the adaptability of sentence
embeddings for diverse applications beyond generic
NLP tasks.

e) Trade-offs and Considerations

The choice of a sentence embedding model can be
challenging and it depends on the specific requirements of
the application. While transformer-based models offer state-
of- the-art performance, considerations such as
computational resources, real-time constraints, and the
nature of the task may lead to the selection of more task
specific or computationally efficient models. Strike a
balance between efficiency and effectiveness. Distill-
BERT which was introduced as a distilled variant of BERT,
emerges as a computationally efficient alternative and
exhibitspromising results across various NLP tasks, making
it a compelling choice for scenarios where computational
efficiency is important. Specialized models like InferSent
and SBERT showcase adaptability to specific tasks. As we
navigate the dynamic problem of effective sentence
embeddings generation this survey serves as a guide that
provides insights into the strengths and considerations of
each model. Researchers and practitioners are encouraged
to understand the specific demands of their applications and
consider the trade-offs betweenperformance, efficiency, and
task-specific requirements.

6. Conclusion

The survey summarizes a study of the development of
sentence embeddings by exploring transformer-based
models like BERT, DistillBERT, RoBERTa, and XLNet,
and LSTM- based models including ELMo, InferSent, and
SBERT. These models have significantly impacted diverse
natural language processing applications and have enhanced
various NLP tasks such as text classification, sentiment
analysis, information retrieval, etc. Transformer models
excel in performance but face computational challenges,
while LSTM-based models
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