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 Abstract—The use of generative models in a variety of 

natural language processing (NLP) applications has been 

extensively studied. Document representation learning, which 

entails encoding a document into a fixed-length vector while 

maintaining its semantic meaning, is one of the most crucial 

NLP problems. Recent developments in generative models, 

particularly those based on variational autoencoders (VAEs) 

and generative adversarial networks, have led to considerable 

advancements in learning document representations (GANs). 

The fact that generative models offer a framework for learning 

representations together with their uncertainty is one of its 

main benefits for learning document representations. This is 

crucial for jobs like document classification, where the 

classifier's performance can be greatly impacted by the 

ambiguity in the document representation. Generative models 

can offer more reliable and accurate representations for 

downstream tasks by modelling the uncertainty. The most 

recent developments in generative models for learning 

document representations, together with its uncertainties, are 

reviewed in this study. We begin by outlining the fundamental 

ideas behind generative models, such as VAEs and GANs, and 

their uses in natural language processing. We then concentrate 

on the design of the architecture and training of these models 

for document representation learning. The many methods that 

uncertainty might be represented in generative models for 

document representation learning are then covered. In order to 

model the uncertainty in the latent representation of a 

document in VAEs, we first introduce the idea of probabilistic 

latent variable models. The application of GANs to model the 

uncertainty in the produced document representation is then 

covered. We also go through current research on the 

categorization of documents using unsupervised and semi-

supervised generative models. We demonstrate how generative 

models may be employed, particularly in situations when 

labelled data is sparse, to develop more reliable document 

representations. We also go through how the classifier's 

performance may be enhanced by using the uncertainty 

estimates generated by generative models. Lastly, we discuss 

some of the difficulties and potential future possibilities in this 

field. Creating generative models that can learn 

representations that are easier for people to understand and 

find meaningful is one of the main problems. Enhancing the 

scalability of generative models for massive document 

collections is another difficulty. We also talk about how 

generative models may be used to other NLP tasks, such text 

creation and machine translation. In conclusion, this work 

offers a thorough analysis of recent developments in generative 

models for learning document representations, including their 

uncertainties. We anticipate that anyone working in the field of 

NLP who are interested in employing generative models for 

document representation learning will find this review to be a 

valuable resource.  

 Keywords—Document categorization, variational 

autoencoders, Bayesian neural networks, uncertainty estimates, 

generative models, and document representation learning. 

1. INTRODUCTION 

 A growing demand for efficient and effective 

techniques for analysing and comprehending massive 

volumes of documents has arisen as a result of the fast 

expansion of digital data. A potent method for attaining this 

objective is document representation learning, which entails 

mapping documents to low-dimensional vector spaces. Due 

to their capacity to capture the underlying distribution of the 

data, generative models like topic models and autoencoders 

have been extensively employed for document 

representation learning. Although this can restrict their 

utility in later applications, the majority of extant generative 

models do not include a measure of uncertainty for the 

learnt representations.[1] 

 The idea of embedding uncertainty estimates into 

generative models for document representation learning has 

gained popularity in recent years. The potential of 

uncertainty estimates to enhance the robustness and 

dependability of downstream applications including 

document categorization, information retrieval, and 

recommendation systems serves as the driving force behind 

this. For activities like anomaly detection and exploratory 

data analysis, uncertainty estimates can also offer a more 

detailed view of the underlying data distribution.[2] 

 We discuss current studies on generative models for 

document representations that contain uncertainty estimates. 

We concentrate on variational autoencoders (VAEs) and 

Bayesian neural networks as two categories of generative 

models (BNNs). A particular kind of autoencoder known as 

a VAE uses a probabilistic latent variable model to represent 

the data's distribution. BNNs are neural networks that 

employ Bayesian inference to calculate the level of 

uncertainty associated with the model's parameters. We 

explain the benefits and drawbacks of these models for 

learning document representations, and we offer a case 

study on the use of generative models to the categorization 

of documents with ambiguous labels.[3] 

II. PROCEDURE 

 The following process is usually used in generative 

models for learning document representations with 

uncertainty estimation:[4] 

 Data pre-processing: To begin, the raw text data must 

be pre-processed by tokenizing the documents into 

words, eliminating stop words, and stemming or 

lemmatizing the remaining words. As a result, the 

lexicon of terms used to describe the papers becomes 

distinctive. 
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  Model architecture selection: The decision of which 

generative model architecture is best for the job is made 

next. This may entail evaluating how well various 

models perform on a validation set or applying model 

selection criteria like the Bayesian information criterion 

(BIC) or the Akaike information criterion (AIC). 

 Model training: The model is then trained using the 

pre-processed data after the model architecture has been 

chosen. Most frequently, this entails employing 

Bayesian inference or maximum likelihood estimation 

(MLE) to optimise the model parameters. 

 Estimating uncertainty: When the model has been 

trained, the uncertainty in the learnt representations 

must be calculated. Many methods, including dropout 

regularisation, Monte Carlo dropout, and variational 

inference, can be used to do this. A distribution of 

document representations that accurately represents the 

uncertainty in the model parameters is what is desired. 

 Downstream task: It is possible to apply the learnt 

representations for further tasks like document 

categorization, grouping, or retrieval. By adding the 

uncertainty estimates into the decision-making process, 

these jobs may be made more robust and reliable. 

 Depending on the generative model architecture and 

uncertainty estimate method selected, the procedure's 

specifics may change. For instance, a Bayesian neural 

network (BNN) may need a different loss function and 

inference method than a variational autoencoder (VAE), 

which may require a distinct encoder and decoder network. 

The broad method described above still offers a foundation 

for embedding uncertainty estimation into generative 

models for learning document representations.[5] 

 

Fig. 1. Variational autoencoder (VAE) 

 A generative neural network called a variational 

autoencoder (VAE) may unsupervisedly learn a compact 

representation of data. An example of an autoencoder is a 

VAE, which is a sort of neural network created to learn a 

compressed representation of input data and is frequently 

applied to data compression or dimensionality reduction. A 

VAE is intended to learn a probabilistic representation of 

the input data, which is the primary distinction between a 

regular autoencoder and a VAE. This means that a VAE 

learns a distribution of potential compressed representations 

for each input rather than learning a deterministic mapping 

between the input and the compressed representation. 

Usually, a multivariate Gaussian distribution characterises 

this distribution. The VAE is made up of two components: a 

decoder and an encoder. The decoder takes a sample from 

this distribution and maps it back to the original input space, 

whereas the encoder takes the input data and maps it to a 

distribution over the compressed representation. During 

training, the VAE learns to minimise a loss function that 

motivates the encoder to provide varied and informative 

compressed representations while also motivating the 

decoder to deliver accurate outputs. The ability of VAEs to 

produce fresh data samples by selecting from the learnt 

distribution across the compressed representations is one of 

its key advantages. This makes it possible to generate fresh 

data that is comparable to the training data but not exactly 

the same. VAEs have been used to good effect. 

 

 

Fig. 2. Bayesian neural network (BNN) 

 A form of neural network known as a Bayesian neural 

network (BNN) uses Bayesian inference in both the training 

and prediction phases. BNNs employ probability 

distributions to describe parameter uncertainty as opposed to 

conventional neural networks, which use point estimates. 

 A BNN treats the network's weights and biases as 

random variables with previous distributions. To determine 

the posterior distribution of the parameters, these priors are 

updated during training using the data. This enables the 

network to understand both the parameters' uncertainty and 

their ideal values. In situations where uncertainty is a major 

factor, such in medical diagnosis or financial predictions, 

BNNs are very helpful. By taking the model's uncertainty 

into account, they can make predictions with more accuracy. 

BNNs may also be used for model compression, which 

involves pruning and simplifying the network using the 

posterior distribution of the parameter values to produce 

smaller and quicker models. 

 Nevertheless, because samples from the posterior 

distribution must be taken during training and inference, 

BNNs can be computationally costly. Prior distributions 

must also be specified for Bayesian approaches, which 

might be challenging in real life. Nonetheless, BNNs are a 

promising field of study and have proven successful in a 

number of applications. 
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III. RESULTS 

 In a variety of natural language processing (NLP) 

applications, generative models for learning document 

representations and associated uncertainty have 

demonstrated promising outcomes. In this part, we offer a 

summary of some of the most important conclusions from 

recent research that has used generative models with 

uncertainty estimates to learn document representations.[6] 

 First off, it has been demonstrated that these models, by 

capturing the uncertainty in the learnt representations, can 

enhance the performance of downstream NLP tasks. By 

enabling the model to give lower confidence to ambiguous 

or uncertain circumstances, for instance, including the 

uncertainty estimates in document classification might 

increase the resilience and reliability of the classification 

result. The uncertainty estimations may be used in document 

retrieval to rank the importance of various documents 

according to their usefulness and dependability.[7] 

 Second, it has been demonstrated that generative 

models with uncertainty estimates work well at capturing 

the complex and multi-modal character of natural language 

data. For instance, it has been demonstrated that the use of 

Monte Carlo dropout in convolutional neural networks 

(CNNs) can capture the uncertainty in the spatial features of 

the document, while the use of dropout regularisation in 

recurrent neural networks (RNNs) has been demonstrated to 

capture the uncertainty in the temporal dependencies 

between words in a sentence.[8] 

 

 

Fig. 3. Recurrent neural networks (RNNs) 

 

Fig. 4. convolutional neural networks (CNNs) 

 Artificial neural networks known as convolutional 

neural networks (CNNs) are often employed in computer 

vision applications including image and video recognition. 

They are modelled after how the visual cortex of animals is 

structured, which comprises of several layers of neurons 

processing various levels of visual data [9]. 

 Convolutional, pooling, and fully connected layers are 

only a few of the many layers of linked neurons that make 

up CNNs. The pooling layers down sample the feature maps 

to lower the size of the network and avoid overfitting, while 

the convolutional layers apply filters to the input picture to 

extract features like edges or corners. These attributes are 

then used by the fully linked layers to categorise the input 

picture [10]. 

 Lastly, it has been demonstrated that generative models 

that incorporate uncertainty estimates are resistant to 

adversarial assaults and out-of-distribution samples. These 

models can detect and reject samples that considerably 

differ from the training distribution by modelling the 

uncertainty in the learnt representations, enhancing the 

resilience and reliability of the downstream tasks. 

 The structure and semantics of the underlying data can 

be usefully revealed by generative models with uncertainty 

estimates. The uncertainty estimations, for instance, may be 

used in topic modelling to identify and rank the most 

important and uncertain subjects, while in document 

clustering they can be utilised to find and exclude noisy or 

outlier documents that can skew the clustering findings. 

 A potent approach for learning document 

representations that incorporates the complexity and 

uncertainty of natural language data is provided by its 

generative models with uncertainty estimates. These models 

can enhance their robustness, reliability, and interpretability 

by adding uncertainty estimates into downstream NLP tasks, 

furthering the state-of-the-art in NLP. 

IV. CONCLUSION  

 We have spoken about how generative models with 

uncertainty estimates may be used to train document 

representations in NLP (NLP). These models have 

demonstrated encouraging results in a range of NLP 

applications, including document retrieval, topic modelling, 

clustering, and classification. 

 Generative models with uncertainty estimates have the 

potential to represent the complex and multi-modal 

character of natural language data, which is one of their 

main benefits. These models can produce more accurate 

estimates of document similarities, topic distributions, and 

classification labels even in the presence of noisy or out-of-

distribution samples because they capture the uncertainty in 

the learnt representations. 

 Moreover, it has been demonstrated that generative 

models with uncertainty estimates are efficient in spotting 

and rejecting adversarial assaults and outliers, which is 

crucial for real-world NLP applications where the accuracy 

and dependability of the data cannot always be guaranteed. 

 The interpretability of generative models with 

uncertainty estimates is a significant benefit. The users can 

pick and rank the most crucial subjects, documents, or 

characteristics for subsequent tasks using the uncertainty 
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estimates, which can offer insightful information about the 

semantics and structure of the underlying data. 

 A potent approach for learning document 

representations that reflects the complexity and uncertainty 

of natural language input is provided by generative models 

with uncertainty estimates. By enhancing the robustness, 

reliability, and interpretability of downstream tasks, these 

models have the potential to enhance the state-of-the-art in 

NLP. Future studies should concentrate on creating more 

sophisticated and effective generative models with 

uncertainty estimates and investigating how they might be 

used in areas other than NLP. 

 Natural language processing (NLP) has undergone a 

revolution thanks to generative models, which learn 

document representations and their uncertainty. This has 

prompted the creation of potent models that can produce 

text that is both realistic and educational, which has many 

applications in areas like chatbots, language translation, and 

content creation. The many generative model types that are 

frequently employed for learning document representations, 

together with their uncertainties, strengths, and weaknesses, 

as well as possible applications, have been covered in this 

study. Natural language processing has undergone a 

revolution thanks to generative models, which make it 

possible to learn document representations and their 

uncertainties. Among the most popular generating models 

for this usage are VAEs, GANs, and Probabilistic Topic 

Models. The decision between these models relies on the 

particular job at hand since each has advantages and 

disadvantages. Yet, generative models' capacity to simulate 

uncertainty is a major asset that has significant ramifications 

for the precision and dependability of their forecasts. In 

order to help machines comprehend and produce natural 

language, generative models are projected to become more 

and more crucial as the area of natural language processing 

develops. 
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