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Abstract: 

Natural language processing (NLP) has been transformed by word embedding 

models, which convert text into meaningful numerical representations. These 

models fall into two general categories: context-dependent methods like 

ELMo, BERT, and GPT, and context-independent methods like Word2Vec, 

GloVe, and FastText. Although static word representations are provided by 

context-independent models, polysemy and contextual subtleties are difficult 

for them to capture. These issues are addressed by context-dependent 

approaches that make use of sophisticated deep learning architectures to 

produce dynamic embeddings that are impacted by the surrounding text. This 

review highlights the machine learning underpinnings of these paradigms 

while examining their development, approaches, and comparative advantages. 

We examine their benchmarks, applications, and the trade-offs associated 

with various use cases. The study also identifies future research directions, 

such as hybrid embeddings and multimodal learning, and highlights 

contemporary issues, such as scalability and interpretability. The goal of this 

thorough review is to assist practitioners and researchers in choosing and 

refining embedding strategies for a variety of NLP tasks. 

Keywords: Word Embedding, Supervised learning, unsupervised learning, 

reinforced learning 

 

 

1. Introduction:-  

Word embedding models have emerged as a key component of natural language processing (NLP) 

developments in recent years. These models help machines better comprehend and process human 

language by converting textual data into dense, high-dimensional numerical vectors. Due to their high 

dimensionality and incapacity to capture semantic relationships, early word representation techniques 

like one-hot encoding had drawbacks. By embedding words into continuous vector spaces, word 

embedding models became a revolutionary solution to these problems [1]. 

The two main categories of word embedding techniques are context-dependent and context-

independent models. Word2Vec, GloVe, and FastText are examples of context-independent models 
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that generate static embeddings, in which every word is represented by a single vector independent of 

its contextual usage. Although these models are good at capturing semantic relationships, they are 

unable to handle polysemy and context-based meaning variations. Conversely, context-dependent 

models—such as ELMo, BERT, GPT, and their variations—produce dynamic embeddings that adapt 

to the surrounding text, providing notable enhancements in tasks that call for contextual 

comprehension [2]. 

The efficacy of these models has been further improved by the incorporation of machine learning 

methods, especially deep learning. In order to evaluate sequential data and extract subtle features, 

contextual embedding models mainly rely on architectures such as transformers and recurrent neural 

networks (RNNs) [3]. 

The goal of this paper is to present a thorough analysis of word embedding models, emphasising their 

development, underlying principles, and NLP applications. We illustrate the advantages, 

disadvantages, and applicability of context-dependent and context-independent approaches for a range 

of use cases. In addition, we provide insights into the future of word representation by talking about 

the difficulties and new developments in the field [4]. 

2. Background:-  

The creation of reliable word embedding methods has led to a notable expansion in the field of natural 

language processing (NLP). By converting text into vector representations that reflect the syntactic 

and semantic characteristics of words, these methods help machines interpret language more accurately 

and efficiently[2]. 

At first, text representations were based on frequency-based techniques like term frequency-inverse 

document frequency (TF-IDF) and sparse techniques like one-hot encoding. Despite their ease of use, 

these methods suffered from high dimensionality and a lack of semantic comprehension[3,4]. 

  By embedding words into continuous vector spaces, neural network-based models like 

Word2Vec (Mikolov et al., 2013) signalled a paradigm change and opened the door to richer semantic 

representation. This foundation was built upon by later models such as GloVe (Pennington et al., 2014) 

and FastText, which produced embeddings that were more effective and significant. 

 

Fig-1: A UML activity diagram showing evolution of text representation techniques. 
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There are significant drawbacks to static embeddings produced by context-independent models. For 

example, depending on the context, the word "bank" can refer to either a riverbank or a financial 

organisation. Models like Word2Vec and GloVe, which give a word a single vector regardless of its 

usage, are unable to capture these subtleties[5]. 

This restriction was addressed by context-dependent models, such BERT (Devlin et al., 2019) and 

ELMo (Peters et al., 2018), which dynamically generated embeddings based on the surrounding text. 

In order to capture rich contextual connections, these models use topologies such as transformers and 

recurrent neural networks (RNNs), which incorporate bidirectional information [6,7]. 

 

Fig-2: Sequence diagram illustrating the process of generating static embeddings with 

Word2Vec vs dynamic embeddings with BERT. 

The development of word embedding methods has been greatly aided by machine learning, especially 

deep learning. While context-dependent models use complex deep learning architectures, such as 

attention mechanisms and transformers, to capture links within sequences, context-independent 

models usually use shallow neural networks. 

3. Context-Independent Word Embedding Models: - 

Regardless of a word's context within a phrase, context-independent word embedding models portray 

each word as a fixed vector. Because of their effectiveness and simplicity, these models have served 

as a foundation for natural language processing (NLP). They are unable to capture the changing 

meanings of words in many situations, nevertheless, due to their static character. 

1. Word2Vec: - 

Word2Vec, first presented by Mikolov et al. in 2013, creates dense vector representations of words 

using a shallow neural network. Two architectures are available: 

• Skip-Gram Model: Given a target word, the skip-gram model predicts the words that surround 

it. 

• CBOW (Continuous Bag of Words):- The Continuous Bag of Words, or CBOW, makes 

predictions about the target word by looking at the words that surround it. 

The key innovation of Word2Vec lies in its ability to capture semantic relationships, such as similarity 

(e.g., "king" and "queen") and analogies (e.g., "king - man + woman = queen"). 
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2. GloVe: - 

By integrating global co-occurrence information from the corpus, GloVe (Global      Vectors for Word 

Representation), created by Pennington et al. in 2014, enhances Word2Vec. GloVe models the 

relationship between word pairs based on their co-occurrence probability rather than just local 

contexts. 

GloVe's advantages over Word2Vec include its robustness in smaller datasets and its ability to 

efficiently capture both syntactic and semantic information. 

3. FastText: - 

The Word2Vec architecture is improved by FastText, created by Facebook AI Research, which 

represents words as bags of character n-grams. Because of its ability to collect subword information, 

FastText is especially useful for out-of-vocabulary terms, unusual words, and languages with complex 

morphology. 

Results: - 

 

Fig-3:  R² values of singular vectors from non-distributional word vectors fitted by 

distributional vectors, plotted by singular value order; GloVe results align closely with 

word2vec and are omitted for clarity. 

Key Features of Context-Independent Models: - 

• Static Embeddings: Regardless of context, every word has a unique vector representation. 

• High Efficiency: In comparison to context-dependent models, these models are 

computationally efficient and require less training time. 

• Limitations: Incapable of managing changing word meanings and polysemy. 

Applications: -  

• Retrieval of information and search engines. 

• Sentiment analysis of texts that are rather easy. 

• Jobs involving document classification where contextual details are not as important. 

4. Context-Dependent Word Embedding Models: - 

Word representations produced by context-dependent word embedding models are dynamic and vary 

according to the words that surround them in a particular context. These models are especially helpful 

for comprehending the subtleties of language that static embeddings miss and for capturing the 

polysemy of words (words with several meanings). Modern models for a variety of NLP tasks, such 
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as sentiment analysis, question answering, and machine translation, are now built on context-

dependent embeddings. 

1. Language Model Embeddings (ELMo):  

One of the first context-dependent models, ELMo was first presented by Peters et al. in 2018. It 

generates word representations based on the full sentence, improving over static word embeddings. 

Based on a language model objective, ELMo employs a bidirectional long short-term memory 

(BiLSTM) network. The context of words in relation to their preceding and following words is 

captured by the model. 

 
Fig-4: A UML sequence diagram illustrating ELMo’s architecture 

2. BERT (Bidirectional Encoder Representations from Transformers) 

Because it makes use of the transformer architecture, BERT, which was suggested by Devlin et al. in 

2019, represented a major advancement in NLP. BERT uses a bidirectional attention mechanism, 

which enables the model to simultaneously capture context from the left and right of a given word, in 

contrast to ELMo, which uses LSTMs. Two activities are used to pre-train BERT on a sizable corpus: 

  The Masked Language Model (MLM) predicts the masked words based on context after 

randomly masking some of the input's words. 

The Next Sentence Prediction (NSP) feature trains the model to determine whether a sentence makes 

sense after another. 

Numerous sophisticated NLP models are built on top of BERT, which has been optimised for a range 

of downstream applications, including named entity recognition, text classification, and reading 

comprehension. 

3. GPT (Generative Pre-trained Transformer): - 

Another transformer-based paradigm that produces context-dependent embeddings is GPT, created 

by OpenAI. GPT is autoregressive and analyses text from left to right, in contrast to BERT, which is 

primarily intended for bidirectional context understanding. Text generating tasks like language 

modelling and dialogue systems benefit greatly from this unidirectional processing. 

Important GPT Features: 

• One word at a time, the Autoregressive Model creates text and uses the words it has already 

created to forecast the subsequent word in the sequence. 

• Transformer Architecture: Although it only makes use of the decoder portion of the 

transformer, GPT, like BERT, depends on the transformer model to capture word associations. 

• Pre-training for Generation: GPT has been pre-trained on extensive text corpora and 

optimised for particular uses, including text generation, chatbots, and summarisation. 
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Fig-5: The above chart presents combined results of BERT & DistilBERT (Alternative of 

ELMo) Context-Dependent word embedding models which depicts accuracy, precision, recall 

& F1 score 

Applications: - 

• BERT: Sentiment analysis, text categorisation, question answering, and named entity 

recognition. 

• ELMo: Text summarisation, sentiment analysis, and named entity recognition. 

• GPT: Language modelling, dialogue systems, and text generation. 

5. Comparative Analysis: Context-Independent vs. Context-Dependent Word Embedding 

Models 

Feature Context-Independent Models 

(e.g. Word2Vec, GloVe, 

FastText) 

Context-Dependent Models (e.g. 

ELMo, BERT, GPT) 

Embedding Type Fixed, Static vectors for each 

word 

Dynamic Vectors based on context 

Contextualization No context-same representation 

for a word in all contexts 

Contextualized-representation 

changes based on surrounding 

words 

Capturing 

Polysemy 

Poor-same vector for words with 

multiple meanings 

Excellent-distinct representations 

for polysemous words based in 

context 

Architecture Shallow neural networks or 

matrix factorization 

Deep learning (e.g. LSTMs, 

transformers) 

Model 

Complexity 

Simple, computationally 

efficient 

Complex, computationally 

expensive 

Training Data Can be trained on smaller 

datasets 

Requires massive datasets and 

pertaining on large corpora 

Memory and 

Storage 

Low memory requirements, 

compact models 

High memory consumption, large 

model sizes 
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6. Conclusion: -  

The way we represent and comprehend natural language in computational problems has been 

completely transformed by word embedding models. Significant progress has been made in the study 

of how machines process, understand, and synthesise human language, starting with the early days of 

context-independent models like Word2Vec and GloVe and continuing with the emergence of context-

dependent models like ELMo, BERT, and GPT. Despite being easier to use and more computationally 

efficient, context-independent models have the drawback of not being able to represent how dynamic 

language is. They give words static representations, which can cause problems like the incapacity to 

deal with polysemy (words that have several meanings). They are still useful tools in many 

applications, though, where context is less important. 

However, by dynamically creating embeddings depending on surrounding words, context-dependent 

models have revolutionised Natural Language Processing (NLP) by providing more accurate 

representations and improved context understanding. These models have demonstrated exceptional 

performance in a variety of tasks where context is crucial, including named entity identification, 

sentiment analysis, and machine translation. However, these models' intricacy and resource needs pose 

difficulties, particularly in settings with limited resources. In the end, the particular task, the 

computational resources at hand, and the requirement for contextual detail will determine whether to 

use context-independent or context-dependent models. Context-dependent models such as BERT and 

GPT are increasingly regarded as the norm for cutting-edge NLP applications, even though context-

independent models are still useful for easier, less resource-intensive tasks. It appears that even more 

advanced hybrid techniques that combine the advantages of both static and dynamic representations 

are the direction that word embedding models are headed. Context-dependent models are probably 

going to become more common as computing power increases, pushing the limits of what robots can 

comprehend and produce in human language. 
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