
Available online www.jsaer.com 
 

Journal of Scientific and Engineering Research 

244 

Journal of Scientific and Engineering Research, 2020, 7(3):244-249 

 

    

 
Research Article 

ISSN: 2394-2630 

CODEN(USA): JSERBR  

    

 

A Deep Dive into Word2Vec and Doc2Vec Models in Natural 

Language Processing 

 

Akshata Upadhye 

 

Data Scientist 

Abstract In the field of natural language processing, the advent of word2vec and doc2vec models has reshaped the 

paradigm of language representation. This paper provides a comprehensive exploration of these distributed embedding 

models, tracing their historical development, key contributions, and advancements. The literature review provides the 

intricate details of word2vec and doc2vec which acts as the foundation for understanding their operational principles and 

variations. A critical analysis in the comparison section presents the strengths and weaknesses of both models and offers 

insights into their suitability for different applications. Real-world case studies are summarized to highlight the effectiveness 

of word2vec and doc2vec in several fields. Additionally the challenges and limitations of these models are discussed to 

provide a holistic view of the models’ capabilities. Finally the future perspective on potential developments, including 

advancements in embedding techniques, domain-specific embeddings, etc., are presented. The exploration of emerging 

trends including continued growth in contextual embeddings, ethical considerations, and interpretability are discussed. In 

conclusion, this paper offers a comprehensive overview of word2vec and doc2vec models helpful for the ongoing 

exploration of distributed representations in natural language understanding 

 

Keywords Word2Vec, Doc2Vec, Natural Language Processing, Distributed Representations, Embedding Models, 

Contextual Semantics 

1. Introduction  

In the field of natural language processing (NLP), the ongoing research for effective methods to represent and 

understand textual information has led to the development of innovative techniques for text representation such 

as word2vec and doc2vec. Word2vec is one of the pioneering neural network-based approach which focuses on 

capturing semantic relationships between words in a continuous vector space and has revolutionized the way we 

interpret language. On the other hand, doc2vec extends this paradigm to entire documents, aiming to create 

meaningful and context-rich representations for at a document level. Both models harness the power of 

distributed representations, a concept that has proven useful in overcoming the limitations of other traditional 

approaches in NLP. 

Distributed representations of words or sentences are characterized by the ability to encapsulate semantic and 

contextual information and are vital in enhancing the performance of various NLP tasks. These representations 

facilitate a more nuanced understanding of language, enabling machine learning algorithms to decode the 

intricate relationships between words and documents. As the significance of contextual information becomes 

increasingly evident in the field of natural language understanding, the exploration and comparison of word2vec 

and doc2vec stand as critical endeavors. 

The objective of this paper is to dive into the details of word2vec and doc2vec, shedding light on their 

respective functionalities, strengths, and limitations. By undertaking a comparative analysis, we aim to provide 

insights into the scenarios where one model might outperform the other, to provide a deeper understanding of 

their applications in the broader context of NLP. Through this exploration, we seek to contribute to the ongoing 

research surrounding the applications of distributed representations thus paving the way for informed decision 

making for specific language processing tasks. 
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2. Literature Review 

The research in the filed of NLP for more robust and context-aware representations of text data led to the 

development of word2vec and doc2vec. Word2vec is one of the groundbreaking development in this domain, 

originated from the works of Mikolov et al. [1], introducing a neural network architecture capable of capturing 

semantic relationships between words through distributed vector representations. 

Building upon the success of word2vec, the evolution towards holistic document embeddings led to the 

emergence of doc2vec. Mikolov et al. [2] extended the principles of word2vec to encompass entire documents, 

providing a means to represent larger textual units in a continuous vector space. This innovation marked a 

pivotal transformation in NLP, allowing for a more nuanced understanding of context within the field of 

document-level analysis. 

The field has since witnessed notable contributions and advancements in the domain of distributed word and 

document embeddings. Le and Mikolov [3] further refined the word2vec model with the introduction of 

Paragraph Vector, demonstrating enhanced capabilities in capturing context and semantic relationships. 

Additionally, advancements such as the introduction of subword embeddings by Bojanowski et al. [4] expanded 

the scope of word embeddings, addressing challenges posed by rare or out-of-vocabulary words. 

In research for creating effective document embeddings, advancements have often been driven by the 

exploration of diverse architectures. The work of Lau and Baldwin [5] presented an evaluation of various 

document embedding models, shedding light on the strengths and weaknesses inherent in different approaches. 

These contributions collectively showcase the dynamic nature of the field and an ongoing commitment to 

refining and expanding the capabilities of distributed representations in NLP. 

 

3. Methodology 

The operational principles of both word2vec and doc2vec are derived from the intersection of neural network 

architectures and distributed representations. Word2vec, as proposed in the paper [1]. This method primarily 

consists of two methods for training: the Continuous Bag of Words (CBOW) approach and the Skip-Gram 

approach. In CBOW, the model predicts the target word from its context, while in Skip-Gram, the model 

predicts context words based on a target word. The key idea behind these approaches is to learn distributed 

vector representations for words by capturing the semantic relationships embedded in their context. 

Doc2vec is an extension of word2vec for distributed representations at the document level and it introduces the 

concept of Paragraph Vectors [3]. Unlike traditional bag-of-words based models, doc2vec considers the context 

of words within a document. The doc2vec model assigns a unique vector to each document and updates it during 

training, allowing it to learn the semantic content of the entire text. Doc2vec operates similar to the word2vec’s 

Skip-Gram approach by predicting words in the document context. 

Variations and improvements for these approaches have been proposed to enhance the efficiency and 

performance of these models. Notably, efforts have been made to address the challenge of out-of-vocabulary 

words by introducing subword embeddings [4]. This approach enables the models to represent and understand 

morphologically rich languages and rare words thus enhancing their applicability in diverse linguistic contexts. 

Additionally various advancements such as the introduction of hierarchical structures in word embeddings [6] 

and attention mechanisms in document embeddings [7] have aimed at capturing more complex relationships and 

dependencies within the data. 

Through this research we aim to provide a comprehensive understanding of the workings of word2vec and 

doc2vec by exploring their architectural components, training processes, and how they generate distributed 

representations. Furthermore, we will dive into the variations and improvements that have been proposed to 

overcome specific challenges and enhance the overall performance of these models in NLP tasks. 

 

4. Comparison of Models 

1. Strengths and Weaknesses: Word2vec and doc2vec share common foundations but often exhibit distinct 

strengths and weaknesses. Word2vec excels in capturing semantic relationships between individual words which 

makes it particularly effective in tasks like word similarity and analogy detection. Therefore, its ability to 

represent words in a continuous vector space contributes to its widespread adoption in various NLP applications. 



Upadhye A                                                Journal of Scientific and Engineering Research, 2020, 7(3):244-249 

Journal of Scientific and Engineering Research 

246 

However the scope of word2vec is limited to individual words and it may struggle with preserving contextual 

nuances within longer texts. This limitation is where doc2vec is useful. 

Doc2vec extends the capabilities of word2vec to the entire documents, allowing it to capture the context and 

semantics of larger texts. Therefore, it excels in tasks that require a broader understanding of document-level 

semantics, making it suitable for applications such as document clustering and sentiment analysis. 

2. Performance Metrics: Evaluating the performance of word2vec and doc2vec involves considering specific 

metrics based to the task that needs to be accomplished. For word embeddings, metrics like cosine similarity, 

Euclidean distance, and analogy accuracy are commonly used. These metrics are used to assess the model’s 

ability to represent word relationships and capture semantic similarities. 

In the case of doc2vec the performance metrics used depends on the document-level tasks. Purity, rand index, 

and silhouette score are often used for document clustering tasks and can be used to measuring the model’s 

ability to correctly identify and cluster the documents. Additionally, metrics such as precision, recall, and F1 

score can be used for evaluating sentiment analysis tasks. 

3. Real-world Applications and Use Cases: The versatility of word2vec and doc2vec is reflected in their diverse 

realworld applications. Word2vec’s strengths find application in information retrieval, machine translation, and 

sentiment analysis. Its ability to generate contextually rich word embeddings contributes to improved 

performance in various downstream NLP tasks. 

On the other hand, doc2vec’s ability to capture documentlevel semantics makes it invaluable in applications like 

document clustering, topic modeling, and recommendation systems. In healthcare, for instance, doc2vec can be 

applied to analyze medical records and extract meaningful patterns for diagnosis and treatment 

recommendations. 

Both models have been useful in information retrieval systems, enhancing search relevance and 

recommendation algorithms. The choice between word2vec and doc2vec depends on the specific requirements 

of the task and the desired level of granularity in semantic representation. 

In this section, we have highlighted the distinct strengths and weaknesses of word2vec and doc2vec, discussed 

relevant performance metrics for each, and explored their diverse applications in real-world scenarios. This 

comparative analysis provides valuable insights for practitioners seeking to leverage these models in different 

NLP tasks. 

 

5. Case Studies 

1. Word2vec in Text Similarity and Recommendation: One notable case study showcasing the efficacy of 

word2vec is its application in text similarity and recommendation systems. In the paper [1], word2vec was used 

to generate word embeddings that significantly improved the performance of recommendation algorithms. This 

study demonstrated that leveraging word embeddings in collaborative filtering models led to more accurate and 

contextually relevant recommendations. Therefore, the outcomes of this case study highlight word2vec’s 

capability to enhance the semantic understanding of textual content in recommendation systems. 

2. Doc2vec in Healthcare Informatics: In the domain of healthcare informatics, doc2vec has demonstrated its 

enormous potential in extracting meaningful insights from medical documents. A case study [8] was conducted 

which applied doc2vec to analyze electronic health records to identify patterns related to patient outcomes and 

disease progression. The study revealed that doc2vec embeddings effectively captured the contextual details in 

medical documents and enabled more accurate prediction of patient outcomes. This case study emphasizes the 

utility of doc2vec in handling document-level information in complex and domain-specific contexts. 

3. Combining Word2vec and Doc2vec for News Article Summarization: A hybrid approach involving both 

word2vec and doc2vec was explored in the case study [9] for news article summarization. Word2vec was 

utilized to capture word-level semantics, while doc2vec was used to represent the overall document context. The 

combination of these embeddings resulted in a comprehensive representation of news articles useful for the 

generation of more coherent and contextually relevant summaries. The outcomes of this study showcase the 

complementary nature of word2vec and doc2vec in improving the effectiveness of summarization tasks. 

These case studies highlight the practical implications of leveraging word2vec and doc2vec in various domains. 

The enhanced recommendation accuracy achieved through word2vec contributes to improved user experience in 

online platforms. In healthcare, the application of doc2vec facilitates more accurate predictions and personalized 
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treatment recommendations based on comprehensive analyses of medical records. The combined use of 

word2vec and doc2vec showcases the potential for these models for addressing specific challenges in tasks like 

news article summarization. By examining these case studies and their outcomes, it becomes evident that 

word2vec and doc2vec play significant roles in transforming raw textual data into meaningful representations. 

 

6. Challenges and Limitations 

A. Common Challenges 

Both word2vec and doc2vec face common challenges that can impact their performance in certain applications. 

One of the primary challenges is the issue of handling out-ofvocabulary words. If the word2vec model 

encounters words during inference that were not present in the training data, it may struggle to generate 

meaningful embeddings. Handling the limitation becomes more essential when dealing with domain-specific or 

rare terms. Additionally, these models may not adequately handle polysemy which is the phenomenon where a 

single word has multiple meanings thus leading to less accurate representations. 

 

B. Suitability in Different Contexts 

The choice between using word2vec and doc2vec often depends on the specific requirements of the NLP task 

and the characteristics of the dataset. 

1.Word2vec Suitability: Tasks Focused on Individual Words: Word2vec excels in tasks where the focus is on 

capturing semantic relationships between individual words, such as word similarity, analogy detection, and 

language translation. Its ability to represent words in a continuous vector space makes it suitable for applications 

requiring fine-grained semantic understanding. 

Resource-Efficient Embeddings: In situations where computational resources are limited and there is a need for 

low dimentsional resource efficient embeddings the word2vec’s word-level representations may be preferred. 

2.Doc2vec Suitability: Document-Level Semantics: Doc2vec is more suitable when the task requires 

understanding the context and semantics of entire documents. Applications like document clustering, sentiment 

analysis, and summarization benefit from doc2vec’s ability to capture the broader meaning of text. 

Handling Variable-Length Texts: Doc2vec is particularly valuable in scenarios where the length of documents 

varies significantly. Unlike word2vec, which operates at the word level, doc2vec generates fixed-size vectors for 

entire documents by accommodating varying document lengths. 

 

C. Analyzing Situations 

1. Mixed-Length Texts: In scenarios where the text data consists of mixed-length documents, doc2vec might be 

more suitable. Its ability to generate fixed-length embeddings for varying document sizes ensures uniform 

representation thus facilitating the downstream tasks like clustering, classification, etc. 

2. Word-Level Similarity Tasks: For tasks focused on wordlevel semantics and similarity, such as analogy 

detection or word similarity, word2vec is often more appropriate. Its fine-grained word representations allow it 

to capture subtle semantic relationships between the individual words. 

3. Hybrid Approaches: In some cases, a hybrid approach that combines word2vec and doc2vec embeddings may 

be advantageous. This approach leverages the strengths of both models, providing a more comprehensive 

representation of the textual data. 

Understanding the challenges and strengths of word2vec and doc2vec is crucial for making informed decisions 

based on the specific requirements of the NLP task at hand. This section discusses the common challenges faced 

by both models and provides insights into scenarios where one model might be more suitable than the other, 

contributing to a enhanced understanding of their applicability in different contexts. 

 

7. Future Directions 

A. Advancements in Embedding Techniques 

Looking at the evolving research, the future of word and document embeddings is anticipated to have continued 

advancements in techniques that go beyond existing models. Contextual embeddings, demonstrated by models 

like ELMo (Embeddings from Language Models) have been gaining attention for capturing richer contextual 
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information. These embeddings are known to consider the context of each word within a sentence thus leading 

to a more enhanced and taskspecific representation. 

Furthermore, the exploration of attention mechanisms and transformer architectures in word and document 

embeddings was an active area of research. These mechanisms allowed models to focus on specific parts of the 

input sequence, enhancing their ability to capture long-range dependencies and intricate relationships within the 

data. 

 

B. Domain-Specific Embeddings 

Various ongoing research indicates that there has been a growing interest in the development of domain-specific 

embeddings that could adapt to the specific requirements of different industries and specialized domains. 

Researchers have been exploring embeddings designed for specific fields, such as healthcare, finance, or legal, 

to enable more accurate representation of domain-specific terminology and context. 

 

C. Interpretable Embeddings 

To address the need for model interpretability, researchers are working on the development of embeddings that 

are not only accurate but also interpretable. Models providing insights into the reasoning behind their 

predictions are seen as potentially enhancing trust and transparency, especially in critical applications like 

healthcare and finance. 

 

D. Ethical Considerations and Bias Mitigation 

In addition to the research and other advancements, ethical considerations and mitigating biases in embeddings 

are gaining attention. Researchers are exploring techniques to identify and rectify biases present in embeddings 

to ensure fair and unbiased representations, especially in applications where decision-making based on 

embeddings could impact individuals. 

Based on the ongoing research the future of word and document embeddings appear promising, with ongoing 

advancements in modeling techniques, domain-specific applications, and a growing focus on ethical 

considerations and interpretability. Researchers are utilizing the emerging trends and technologies to unlock the 

full potential of embeddings in natural language processing. 

 

8. Conclusion 

In conclusion, the evolution of word2vec and doc2vec has marked a significant milestone in the field of natural 

language processing. These models have revolutionized the way we approach language representation, 

providing powerful tools for capturing semantic relationships at both word and document levels. In this 

literature review, the historical background, key contributions, and advancements in distributed word and 

document embeddings have been discussed. The methodology section dived into the details of how word2vec 

and doc2vec operate. The comparison of these models helpful in understanding the nuanced strengths and 

weaknesses of word2vec and doc2vec were discussed. Additionally their suitability in different contexts and 

applications were emphasized. Examining real-world case studies illustrated the tangible impact of these models 

across various domains. As we looked toward the future, the discussion on challenges and limitations 

underscored the ongoing need for improvements, particularly in addressing out-of-vocabulary words, fixed-size 

vector representations, and polysemy. The exploration of potential future directions pointed at emerging trends, 

such as contextual embeddings, domain-specific applications, and ethical considerations, which are likely to 

continue to evolve in the coming years. As researchers and practitioners navigate this evolving field, this 

research packed with historical insights and future perspectives will serve as a guide for the next chapter in the 

evolution of distributed representations in language understanding. 
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