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Abstract  

This paper presents an empirical study comparing the existing topic modeling approaches in terms of their quality and effectiveness 

through designed experiments. Various topic modeling approaches were evaluated, including LSA, pLSA, LDA, and ARTM. 

Experimental results showed that pLSA, LDA, and ARTM are comparable in incoherence scores and running speed. But ARTM is 

slightly better than others thanks to the task-oriented regularizes. Results also showed that words for each topic will have a negligible 

effect after their position in the topic is larger than a certain top-M number on representing this topic. 
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1 Introduction 

Topic modeling is an important task of NLP, which 
automatically discovers the hidden structure and patterns 
from a large collection of documents. The discovered 
information has interpretability and modular structured 
features. A topic model provides topics, each of which is a 
ranking of all unique words in the documents by relevance 
to the topic. Take top-M most relevant words to describe the 
topic then get the relevant document by these topics. The 
main ideas of existing topic modeling approaches are to 
estimate topic-token and doc-topic latent parameters in two 
ways: matrix factorization and probabilistic estimation. 

Early work on topic modelling with matrix factorization 
method is Latent semantic analysis (LSA) [1], which is an 
approach of using singular value decomposition (SVD) [2] 
that tries to find the best low rank approximation of an 
occurrence matrix. This approach has seen a resurgence in 
adding probabilistic features renamed probabilistic latent 
semantic analysis (pLSA) [3]. Instead of using SVD, the 
core idea of pLSA is to find a probabilistic model that 
estimates concurrence matrix observed from documents.  

Latent Dirichlet allocation (LDA) [4,14] is a two-level 
Bayesian generative model: i) the first one is to model topics 
distribution over tokens and ii) another one is to model 
documents distribution over topics. One assumption of LDA 
is to apply a prior from Dirichlet distribution to generate the 
above mention distributions, which overcomplicates the 
model when applying the Bayesian inference [5, 6]. There 
are many other variations of LDA [7, 8, 9] have been 
proposed, most of them tried to solve the limitation of the 
original LDA under the LDA's framework, but these 
ingredients overcomplicate the algorithms. 

BigARTM [10] is a non-Bayesian model that attempts 
to solve the problems that appeared in the LDA model. It 
considers the topic modelling as problem-oriented matrix 

factorization and the parameters are trained through 
expectation–maximization (EM) [11] algorithm adding 
several task-specific regularization terms and the model 
parameters start with random initialization. In the point of 
BigARTM, the parameters of LDA more likely to be 
initialized with Dirichlet distribution and trained with the 
single objective function. 

This paper presents an empirical study comparing the 
existing topic modeling approaches in terms of their quality 
and effectiveness through a set of designed experiments. 
Considering the difference between the existing approaches 
and their similarities, controlled experimental comparisons 
are necessary for these approaches to analyze their 
effectiveness. Results showed that on a controlled dataset 
pLSA, LDA, ARTM are comparable in coherence scores 
and running speed. But ARTM is slightly better than others 
thanks to the task-oriented regularizes. Results also showed 
that words for each topic will have a negligible effect after 
their position in the topic is larger than a certain top-M (≈
50) number on representing this topic. 

The rest of this paper is structured as follows. Section 2 
describes task formalization of topic modeling. Section 3 
describes the existing topic modeling approaches. Section 4 
evaluates and compares the existing approaches. Section 5 
concludes this work with possible future work. 

4 Dataset and Experiments 

Table 1 presents the data statistics of documents from 
20newsgroup which is used in literatures as standard dataset. 
The documents pre-processed with several steps before the 
experiments, namely by cleaning (removing extra symbol, 
url, emails, stopwords, etc.), sentence segmentation, 
tokenization, stemming. 

TABLE 1 20newsgroups dataset statistics. 

mailto:alymzhan.toleu@gmail.com


The 20th INTERNATIONAL SCIENTIFIC CONFERENCE 

INFORMATION TECHNOLOGIES AND MANAGEMENT 2022 
April 21-22, 2022, ISMA University of Applied Science, Riga, Latvia   A Toleu, G Tolegen, R Mussabayev, A Krassovitskiy 

37 
NC14 Nano Technologies, Computer Modelling 

 And Information Communication Technologies 

20newsgroups 

 
training set tokens:               11259 

test set tokens:                      7488 

vocabulary size:                   1995 
average document length:    88.06 

 

In following experiments, we tested several existing 
approaches: latent semantic analysis (LSA), probabilistic 
latent semantic analysis (pLSA), latent Dirichlet allocation  

(LDA) and additive regularizers of the topic model 
(ARTM).  

These approaches are compared with each other on 
20newsgroup dataset. LSA is implemented gensim library 
with truncated singular value decomposition function, and 
pLSA, LDA and ARTM tested with BigARTM library. Cv 
coherence scores for obtained topics and the running time 
for 100 iterations are reported in Table 2. Cv coherence 
measures how often the topic words appear together in the 
corpus. The higher cv coherence scores indicate the model 
gives better results. 

It can be seen from the Table 2 that LDA takes a longer 
running time for 100 iterations compared to others. 
Although LSA is the fastest among them, its performance 
cannot compete with others. ARTM performs good 
outcomes among them; it outperforms LSA and it is slightly 
better than pLSA as it added several regularizations to pLSA. 

 

TABLE 2 cv coherence results for different approaches. 

Models M=10 M=20 M=30 M=40 M=50 Running 
time 

LSA 0.482 0.385 0.356 0.351 0.341 22.6 s 

pLSA 0.682 0.625 0.589 0.576 0.566 41.9 s 

LDA 0.655 0.598 0.574 0.565 0.563 1 min 6s 

ARTM 0.689 0.644 0.605 0.588 0.571 54.7 s 

Topic modeling is unsupervised learning, and the 
optimal number of topics is unknown. We design the 
following experiments to determine if cv coherence can be  
an evaluation metric for identifying the optimal topic 

number. The corpus with 20 topics is chosen, and run 

different approaches on this corpus then calculated the 

coherence scores for various top-M relevant words. The 

expectation is that cv coherence values should be the 

highest at point top-M = 20 for all models.  
It can be seen from Figure 1 that with grows of the M-

most relevant words of each topic, the coherence scores drop 
gradually for all the models. It is clearly seen that pLSA, 
LDA and ARTM outperform LSA significantly, and all 

models reach a stable coherence value with growth of top-
M. This result indicates that around top-M ≈ 50 words have 
a significant influence on representing the topics for topic 
modeling approaches. Experiments show that Top-M > 50 
words for each topic will have a negligible effect on 
representing this topic.  

 
FIGURE 1 Comparison of different topic modeling approaches with M-

most relevant words. 

5 Conclusion 

This paper presents an empirical study comparing various 
topic modeling approaches: LSA, pLSA, LDA and ARTM. 
Several experiments were carried out to evaluate their 
performance in terms of coherence and speed. Experiments 
show that LSA requires less time than other but with low 
coherence value, and pLSA, LDA, ARTM are comparable. 
ARTM is slightly better than others because it has task-
oriented regularizes added. Results also showed that words 
for each topic will have a negligible effect after their 
position in the topic is larger than a certain top-M (≈ 50) 
number on representing this topic. 
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