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Abstract—In information retrieval, topic modeling is used to
predict hidden subjects from a text corpus. As a result, it offers
a system for organizing, comprehending, and summarising vast
amounts of text data automatically. Topic modeling can also be
used to provide a document representation that may be inter-
preted in a broad spectrum of natural-language processing (NLP)
applications Techniques for modeling span from probabilistic
graphs models to neural models. This research looks at subject
models from a variety of angles. The first element categorizes
subject modeling strategies as algebraic, fuzzy, probabilistic,
or neural. We investigate enormous number of handy models
in every group, emphasize contrasts and similarities among
models and model types from a unifying standpoint, examine the
properties and limits of these models, and debate the correctness
of the application. Another factor to consider is a review of
datasets and benchmarks. We talk about studies done on datasets
to evaluate topic models along stated measures. The study focuses
on the contrast between both models and their rightness for
miscellaneous applications.

Index Terms—Topic Model, Neural, Probabilistic, LDA

I. INTRODUCTION

The topic model (TM) has indeed been effectively used in
the mining of large corpus of text. A topic model picks a
group of textual data as input and then strives to identify the
fundamental topics in this group [1]. Each subject described a
linguistic concept that is understandable by humans. Following
that, topic modeling generates a hidden interpretable text
representation based on conceived subjects [2].

The topic model has been applied in a multitude of do-
mains. Natural Language Processing (NLP) programs like
summarization and text analytics have made use of the topic
model. Furthermore, the topic model is being extended to new
disciplines like medicine and economics. TM is also consumed
with other sorts of data, like when the concepts of words
and documents are substitute by similarly structured items.
Entities might be physical items in online marketplaces, visual
components, or genetics in gene sets.

Since the launch of Latent Semantic Indexing (LSI) in
1990 [3] researchers have created a variety of topic modelling
strategies with varying modelling capacities. Furthermore, dif-
ferent models make various hypotheses about the corpora, the
representation of documents, and the themes. The generated

topic models cover a wide range of applications. They also
have several estimation metrics scores. More models are still
being developed. This ongoing work aims to fill present
research gaps and broaden the scope of subject modelling
applications.

Depending on their basic modeling methodologies, topic
models are classified into four types: algebra, fuzzy, proba-
bility, and neural. Algebra topic models were expanded for
the first time in the 1990s [3]. Following the coming of LDA
in 2003, the vast majority of topic models developed were
Bayesian Probability Topic models (BPTMs), like [1, 4, 5].
Until 2015, these BPTMs have proved their effectiveness and
controlled research areas. They are easy to deploy, easy to ex-
plain, and flexible enough to be developed into more complex
models. Because of the minimal number of parameters [1],
they also are computationally more efficient. Topic models
are gradual including neural, components [6]. Instances of
neural topic models are [7, 9](NTMs). Most NTMs utilize
contextualized representations to represent text documents
rather than the traditional vector space model. They can work
with pre-trained methods on a large corpora of data like
BERT variations [13]. NTM, in general, suggests flexibility
and scalability. It is critical to remember that various TM types
provide distinct benefits and are best appropriate to a certain
situation. Hence, they get along.

Because there are numerous models available, they must
be summarised. In the literature, there have been attempts to
summarise the vast array of extant topic models. [14] gave two
perspectives. The first categorization categorizes models into
four sub-types: Latent semantic indexing (LSI), Probabilistic
latent semantic indexing (PLSI), Latent Dirichlet allocation
(LDA), and Correlated topic model (CTM). The second type
investigates several topic evolution models over time. In [15],
the survey provided hierarchical classification criteria, with
models categorized as LDA or non-LDA-based, bag-of-words
or sequence-of-words technique, and finally, unsupervised or
supervised learning models. [16] examined many models in
terms of their strengths and disadvantages. [17]’s authors
grouped topic models into three different kinds. The first is
a traditional topic model such as LSI, PLSI, and LDA. The



second type address evolution models. Finally, the third class
looks at topic modeling and various algorithm partnership
tactics like LDA-VSM+K-means and LDA-Word2vec+SVM.
[18]’s writers looked at previous studies involving LDA topic
modeling. [19] provided a comprehensive assessment of topic
modeling for both long and short text over the last decade,
while [20] examined the particular class of neural topic
models.

This study conducts a thorough survey of TM. It covers
the four types of TM and organizes a broad number of ready
for use models. The goal is to draw attention to research
gaps, discrepancies, and similarities among models and model
types. In addition, because assessment criteria differ amongst
publications, we present a full set of evaluation measures
that may be used in all models to assure model evaluation
consistency. In addition, available topic modeling datasets are
discussed, followed by a review of different topic modeling
applications and tools. We next test a variety of models from
diverse sectors and evaluate them using common datasets
along the specified assessment criteria. This point of view
considers the much more recent breakthroughs in numerous
issue modeling methodologies. It is intended that it will pique
the interest of the audience in TM and help the scientific
community produce better models.

The rest of this work is arranged as follows. Section 2
contains background information, definitions, and notation,
whereas Section 3 describes the approach and discusses model
categorization, which is followed by an examination of several
models from the groups. In Section 4, we evaluate numerous
models from various types using the suggested metrics, and in
Section 5, we discuss the results, noting trends in research and
highlighting research breaks. Finally, the paper is finished.

II. ToriC MODELS
A. Background and Definitions

In information retrieval, topic modeling is applied to dis-
cover invisible topics in documents, providing an automated
mechanism to arrange, comprehend, and summarise vast vol-
umes of textual material. Topic models can also be utilized
to provide an interpretable presentation of text in various
downstream Natural Language Processing (NLP) applications.

Three entities are attempted to be modeled by topic models:
constructions, sets, and subjects. The constructions are the
components that make up a collection. Constructs in text
data are typically words that are put together to form a
text or a set of words. A topic is a group of constructs
that describe a single semantic meaning. It is an idealistic
presentation of a document as pure as feasible. Furthermore, it
is a homogeneous set of constructs that have a lot in common,
usually conceptually. A topic is mathematically defined as a
probability distribution over the constructs [22].

The majority of topic models operate by detecting the
co-frequency of structures in collections. This corresponds
to the distributional probability [22, 23], which claims that
the distributional features of tokens determine their semantic
meaning. In other words, the context in which a word appears

defines it. Similarly, because to spatially local correlations
between pixels, the co-occurrence of pixels in images defines
segments (topics).

Topic Model can be applied to a variety of data types,
however we will only discuss their use in text in the following
sections. Textual data is assumed to be a diverse group of
structures that span more than one topic. Topic sparsity is also
assumed, based on the heuristic that any given document will
typically cover a small number of topics.

Topic models are fed corpus D and attempt to generate
two sets of distributions: The first set T is for topics: K
distributions over V' constructions (tokens), where K is the
number of topics, which is frequently a hyperparameter, and V'
is the corpus vocabulary size. The second set of distributions
Z 1is for documents, and it is a distribution over K topics
for each document in the corpus, where z; specifies the
weight of the kth subject for each document. This second
release provides a document-interpretable latent representa-
tion (Similar to disentangled Variational Auto Encoder, VAE
[24, 25]). To best interpret the observed texts, these latent
representations and 7' (TM parameters) are trained. This is
referred to as the inference process. The generative process
produces a document from a presumed Z and T.

TM can reveal polysemy, which occurs when a single
concept has many semantic interpretations [26]. TM reflects
this by providing the same construct appear in multiple themes.
When distinct constructions exist together in the same subject
in more than one distribution of 7', TM can capture synonymy,
where 2 distinct constructs have identical semantic meaning.

Document representation varies depending on the model.
Some models regard the collections as an unordered collection
of its constructs. These models are known as the bag of words
models in literature [23]. In this scenario, the topic model’s
input is a vector of word counts.

Another document representation that is gaining popularity
due to the prevalence of transformer-based language models
such as BERT is the contextual representation, in which the
document is represented as an embedding vector. Because they
learn distinct representations for polysemous words, BERT
models capture contextual word embeddings better than global
embeddings.

B. Methodology

There are four types of models: algebraic, fuzzy, Bayesian
probabilistic, and neural topic models. This classification.

The algebraic models are the first TM category. They are
straightforward, but lack a solid statistical foundation and fail
to construct a robust generative data model [20]. This linear al-
gebra technique was first proposed in [3]. There are also more
contemporary approaches that use spectrum decomposition for
inference, such as [26]. Algebraic models are straightforward
and generally efficient. Fuzzy topic models, on the other hand,
are clustering approaches that aim to allocate words to related
subjects. They have demonstrated their usefulness in short text
documents by overcoming the sparsity challenge.



Prior to 2015, Bayesian probabilistic models were prevalent,
but research efforts turned to building neural topic models
(NTMs). Bayesian models are simple to use and adaptable.
They define a fake generation mechanism for the observed
papers. Then they go backward to deduce the issues that
could have given rise to the documents. The parameters of
Bayesian models have more specific meaning and are thus
easier to interpret. This parameter interpretability is useful for
troubleshooting, validating, and interpreting results, especially
in cross-disciplinary use cases. It is also useful when we need
to generate more data. In this group of models, however, the
inference problem grows more challenging as the modelling
becomes more complex.

Because the inference problem in NTMs is an optimization
problem, they are more flexible and scalable. Their parameters,
however, may not have a valid interpretation. It is frequently
difficult to determine why a model works or does not work.
NTMs train with various objectives in mind, such as lower-
ing document reconstruction error or improving the model’s
forecast accuracy. This optimization aim does not always
produce high-quality interpretable topics. Table 1 presents a
comparison of various modelling methodologies.

IITI. LITERATURE REVIEW

Topic modelling has proven to be effective not just for infor-
mation retrieval but also in text categorization and exploratory
analysis of large corpora. It is hardly unusual, then, to find
examples of topic modelling in a variety of academic subjects,
like information science, social sciences, legal studies, and
the humiliates. In the next paragraphs, I will mention a few
papers in these areas. These research form the basis for my
further investigation of the criteria required for successful topic
modelling.

In the area of information science, there are numerous exam-
ples of using topic models to categorize scientific papers. For
text economic stability report quantification and visualization
in [32] suggested a novel approach called LDA in order to
evaluate and visualize economic security. It is made up of
several steps. To begin, it is acceptable to assume that the LDA
model could be used to assess the Economic Stability Report
for China. Second, by splitting the core words of each subject
in essential terms and specific terms, We could create visuals
of economic and topical entanglements rating of 5 years or
for each and every year analyzed, resulting in a design matrix
and the balance of the economy investigated trends. Finally,
the word cloud may readily illustrate the macro-environment
in finance. This technique fared well on the China Financial
Stability Report [32]. Readers will discover that each clustered
theme is tied to a specific chapter, and by splitting core terms
of each topic into basic keywords and specific keywords,
visuals of every financial embranchment may be formed. The
LDA model could analyze a Document-Term Matrix (DTM)
to generate a word cloud. A picture of the macro-environment
can also be drawn from the figure from 2012 to 2016.

Because of the essence of LDA, it is a great tool for docu-
ment organization and corpora summarization. One drawback

of LDA would be that its success is strongly dependent on
priors. Researchers demonstrate that priors matter in LDA and
provide strategies for learning priors for improved modeling,
in spite of whether symmetric priors are used. But, LDA
execution does not necessarily correspond to LDA modelling
capabilities in document presentation and topic elicitation.
A fresh previous setting for LDA was proposed in [42].
The option increases LDA’s performance in both document
presentation and topic elicitation. Unlike the prior approach,
which develops the priors when making posterior inferences,
the recommended set of parameters teaches the parameter
Prior to inference. Experiments were carried out on the
Health Twitter Dataset [? ] and the 20 Newsgroups dataset
[61, 63] to validate the efficacy of the proposed previous
setup. Evaluations on the topic’s quality reveal that LDA with
the previous setup gains superior quality subjects. Analyze
the document presentation of LDA with suggested priors,
LDA with past prior development, and LDA with symmetrical
priors by performing standard tasks like document clustering
and document categorization to illustrate the improvement in
document representation quality. The findings confirm that the
proposed previous settings improve LDA’s document represen-
tation power.

An developed LDA algorithm for text categorization termed
gLDA was developed in [43], in which topic-category dis-
tribution parameters were incorporated in the structure of
LDA, a flexible generative probabilistic model for discrete
datasets. gL.LDA adds document categories based on a simple
interchangeability hypothesis for words and subjects in a text.
The subjects are constructed by assembling papers for specific
groups, and the probability distributions are calculated by
normalizing the word frequency of the linked texts. Text docu-
ments in this model can be automatically classified into many
groups. In our model, Gibbs sampling was used for parameter
evaluation instead of the EM technique, which tested to have
a reduced perplexity consumption on parameter estimation.
gLDA offers a more successful modeling method than LDA
for word-sense disambiguation since it uses a Dirichlet forest
prior over subjects in a group. Our framework is a little more
broad. We increase the goodness of make a forecast on text
data by stating which words should have a high likelihood in
a subject. The model describes the subjects that should have
a high likelihood in a group. Text documents in the same area
of knowledge could be considered in the iteration of the topic
modeling process by adding the multinomial distribution over
subjects in a category; this is significantly different from an
iterative topic modeling approach that mostly relies on human
inspection. Furthermore, the topic model did not require label
for data. Furthermore, there are a number of potentially helpful
avenues in which the modified structure of topic model might
be extended. The use of gL DA in text retrieval is an important
direction that should be pursued. To test the model’s validity,
The evaluation of gLDA was evaluated by assessing its ability
to categorize new documents on which the model had not been
trained. Documents from the same genre should be generalized
in models trained from that genre.



A text retrieval technique that can compute test similarity
relying on the hybrid LDA and word2vec is presented in
[44]. Word2Vec refers to a set of interrelated models that
are made to generate word embeddings. These are shallow,
2-layer neural networks that have been taught to construct
the linguistic context of words. A vast corpora of text is
fed into the Word2Vec model, which subsequently generates
a vector space with hundreds of vectors. Furthermore, every
distinct word in the corpora is appointed to a corresponding
dimension space; hence, words in the corpus that have public
vocabulary are placed in close adjacency to one another in the
vector space. The projecting layer is then utilized to create a
contextual vector. after that, In terms of the occurrence in the
corpus, the word in the dictionary is treated as a leaf node in
the output layer. Following that, each text may be characterized
as a distance distribution from a text to all of the distinct topics
in the same space. The 20Newsgroups dataset [61, 63] was
used to test the performance of the Hybrid LDA and Word2Vec
model, and the findings show that the technique is effective.

For text document clustering, an updated ant method with
LDA-based representation is used in [46], two new heaps
combing algorithms depended on the most diverse objects in
heaps and objects-center distances were introduced in order
to improve the clustering quality of ant-based clustering. The
suggested heaps combining procedures address the problem
of the Class algorithm producing an excessive number of
groups (heaps). Furthermore, the LDA is used to present
text sets as a group of latent topics. The algorithm is made
up of four steps. The algorithm begins with an ant-based
technique for item grouping. The K-means algorithm is then
applied. The ant-based clustering process is then done again,
and the algorithm concludes by performing the K-means
algorithm on items once more. Each data in this system
comprises a vector of n real values. A distance measure
is used to calculate the distance between two data objects.
Like to other ant-based clustering techniques, data objects
are randomly distributed on a grid. Ants can generate, build,
and destroy piles, which is a fundamental difference in the
algorithm. A heap is a type of data structure that holds two
or more things. A heap can exist on a single grid. On 25 text
benchmarks, the suggested clustering techniques are compared
to conventional and metaheuristic clustering algorithms in
terms of F-measure. The experimental outcomes show that the
merging strategy in heaps based on the most dissimilar objects
surpasses the other clustering approaches used in the empirical
research. Furthermore, The experimental results reveal that the
suggested object-center distance-based heap merging strategy
outperforms the K-means and AntClass algorithms.

As proposed in [46], Topic Modeling was employed as
a classification approach, standed for as Self-training with
Latent Dirichlet Allocation (ST LDA), that is experienced
semi-supervised. The self-training method was utilized for
this goal, and the documents were represented with topic
allocation depended on the LDA topic model. The ST LDA
method accepts as input a lean labeled documents that make an
introductory labeled set and many more unlabeled documents;

the unlabeled documents might be formed of diverse sources
with a similar subject distribution as the first labeled set. The
method generates a classification model using a supervised
classifier on a final labeled set - the introductory labeled
set augmented with labeled instances from an unlabeled set.
As a result, ST LDA is an inductive classification algorithm.
Experiments were run on six different datasets: 20 Newsgroups
[63], Reuters R8, Reuters R52 [61], WebKB [64] with four
classes, Ohscal [46], and Google snippets [46]. According
to the results, the suggested ST LDA approach beats other
methods in 9 of 11 initial labeled sets.

IV. CONCLUSION

This survey provided a thorough overview of current devel-
opments, prospective research trends, potential new research
fields, and a new classification of state-of-the-art methodolo-
gies in the area of Quality Estimation (QE). The investigation
focused on four important areas: (1) data source, which is
a group of documents used to expand the user’s beginning
query, (2) working approach, that describes the procedure for
widening the query, (3) significance and application, which
examines the significance of QE in IR and its use in the
modern trend beyond the key field of IR, and (4) Basic
approaches, which explain several QE methods based on var-
ious features of data sources. Furthermore, we have supplied
several datasets for textual data from diverse sources in this
study. We described how cutting-edge text document retrieval
methods were used on these datasets in order to obtain high
accuracy and narrow the semantic gap. We also discussed
the relationship of approaches to one another and how one
technique increased retrieval better than others, as well as
the benefits and drawbacks of each strategy. As we can see,
the process of retrieving text content from big repositories
is fraught with difficulties. So, we hope that our survey can
assist researchers in examining the drawbacks of current text
document retrieval strategies in order to enhance them and
offer the best way.
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