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Abstract—In this article we compare different vector models
(tf-idf, word2vec, fasttext, Ida, Isi, artm) in the short text
clustering task, using a dataset of job vacancy descriptions in
Russian. A two-step experiment is proposed to determine the
best model and its hyperparameters based on the quality of the
resulting short text clusters. In the first stage, we investigate how
various hyperparameters of each model can affect the clusters,
produced by training a K-means model on each of the vector
representations. In particular, we consider in detail, how the size
of the output vector representation in each of our models can
influence the quality of the final clusters. We also provide an
extensive analysis of the effects of various regularization options
for clusters, learned using the vectors produced by the ARTM
algorithm. During the second stage, the models showing the best
results in the previous step (word2vec, fasttext) are analyzed in
greater detail. We compare the effectiveness of these models
against datasets of different sizes, as well as using different
structures of the source fragments (partial elements or full texts
of vacancy descriptions). In our experiments, the highest quality
of clusters (evaluated using the ARI metric) was achieved by
word2vec, closely followed by the fasttext model. Finally, we
perform a topic analysis for each of the resulting clusters and
evaluate their homogeneity.
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I. INTRODUCTION

The modern labor market is changing extremely fast due
to the rapid development of information technologies. New
professions and technologies appear constantly, and as a
result, requirements for employees on the labor market are
changing. Automatic information extraction of these
requirements becomes quite urgent for the applicant. This
article serves as the continuaton of our previous research [1]
into the Russian labour market. The article provides a
comparative analysis of various models of distribution
semantics (tf-idf, word2vec, fasttext, Ida, Isi, artm) as applied
to the problem of short texts clustering on the example of
vacancies in the Russian labor market. Our goal is to find the
most effective method for separating each vacancy text into
various categories of statements, such as skill and knowledge
requirements, previous job experience, working conditions,
etc.
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Il. OVERVIEW OF EXISTING APPROACHES TO LABOR MARKED
ANALYSIS

This section discusses related works on short text
clustering and natural language analysis of the labor market
domain.

In [2], the authors have demonstrated how topic modeling
can be applied in the field of labor market intelligence.
Presented architecture of clustering, labelled Mixed Graph of
Terms has shown interesting results in the task of
classification: it can extract a demonstrative graph of relations
between words from corpus. This model, however, can be
simplified to the LDA module, which we have previously [1]
evaluated only for it to be outperformed by ARTM.

Partially, the task of understanding the structure of
requirements of labor market is being solved by classification.
For example, [3] distributional semantic models in
combination with different multi-label and multi-class
classifiers such as LabelPowerset logistic regression show
promising results. Although professions as classes, described
in legal documents exist, this solution requires improvements
in case of understanding the results of classifying. High score
of metrics in classification does not show the structure of data,
in contrast the analysis of mistakes can give another point of
view.

The analysis of short job vacancy parts is quite similar to
the analysis of twits [4], with the only difference being a much
smaller and specialized vocabulary in the case of job
vacancies, which is restrained and less expressive, teeming
with clericalism. Such texts rarely contain emojis or emotional
words, while having an abundance of jargon, specialized

terms, and words with shifted semantics, such as
“experience.”.
The authors of [5] evaluate their soft-

clustering model on three datasets: search snippets, stack
overflow and pubMed articles. These datasets also contain
specialized vocabularies. Expectedly, the performance is quite
poor (60% accuracy for stack overflow dataset).

New approaches to analysis and short texts in general [6,8]
and labor market texts in particular [9,13] are currently being
actively developed.
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I11. TRAINING DATASET EVALUATION

The primary dataset in our research has been assembled
from job listings taken from hh.ru. It contains a total of 33
million individual vacancies. Approximately 10% of them are
IT vacancies (~ 3 million). Out of these we have selected about
430K unique vacancies from most recent years [2,3]. The text
of each vacancy was then split into sentences, resulting in a
dataset of 13 million short text elements (13M dataset, labeled
as 13M_parts below). For most of the comparative
experiments on short texts clustering, we randomly selected
100 thousand elements (100K dataset, labeled as
100K _parts).

As a result, 3 datasets for training vector models were
formed (see table 1): one dataset from 430k full texts of
vacancies and two datasets of short texts 100K and 13M,
which include: requirements, duties, general working
conditions, previous experience of the applicant, and various
miscellaneous elements, which introduce semantic noise . The
examples of these elements of the vacancies are presented in
table 2.

TABLE I. DESCRIPTION OF DATASETS
Dataset Number of | Number of | Number of Average
documents tokens unique number of
tokens words in a
(vocabular | document
y)
100K _parts 101K 607K 19K 6.02
13M_parts 13M 99M 194K 7.59
430K fulltext 430K 62M 193K 146.15
valid_dataset 1200 14256 2655 6

Figure 1 shows that the size of the overwhelming majority
of vacancy elements does not exceed 10-15 words.
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Fig. 1. The distribution of the word counts in the elements of the 100K
dataset

IV. EVALUATION DATASET DESCRIPTION DUTIES

To assess our method's quality, we have manually labeled
a set of 1000 elements from vacancies.Top level of labeling
splits dataset into 6 labels (tab. 2).

Group 3 (duties) and group 4 (requirements for skills)
share common vocabulary, for example, “website
development using html, css, js technologies” (group 3) and
“requirements: know web development technologies html,
css, js” (group 4). Because of this, we have decided to separate
these groups into second-level clusters. Thematic groups are
presented in table 3. The examples from this dataset are
presented in table 4.

TABLE Il
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FIRST LEVEL SUBJECT GROUPS

Name

Description

General
experience

Experience in some position, development of
something not related to technology

Requirements
to soft-skills

General skills, negotiation, competent speech,
English, teamwork, etc.

Duties

Actions to be taken as part of work duties

Requirements
to hard-skills

Professional experience: skill, ability,
understanding, ability to work with something,
knowledge, acquaintance, experience with
technology

Education
(documents)

Auvailability of documents on education
(certificate, diploma, certificate)

Other

Various common words, trash

TABLE IlI.

SECOND LEVEL SUBJECT GROUPS

H*

Names groups

O©COOO~NOO U WNERE

Database
1C (SAP)
Network

WEB, CMS

Sales
Integration

Data Analysis

Software Development, Programming Languages
Testing, quality assessment

Mobile development

Hardware, controllers, microcontrollers
MS Office, a confident user

Graphics 2D / 3D, VR

Data Recovery and Protection
Advertising, SEO, Digital Marketing
Security systems

ProjectMeneger, Scrum, Agile
Financier, accountant

Version Control Systems

OS Administration (Linux, Windows)

Documentation, reporting

Business analyst, business processes

TABLE IV.

EXAMPLES OF DATA FROM MANUALLY LABELED

DATASET

id

Text Gl | G2

6403153

OOII, STL, boost, K1acCHIeCKHE aITOPUTMBI 4 4
U CTPYKTYPBI, IIaOJIOHBI MPOSKTHPOBAHHS

7577237

Coznanue
TIpe3eHTaIi

Iu3aifiHa  calfiToB, OaHHEPOB, 3 6

2688504

Hapiku
OTBETCTBEHHOCTb,
WHHIIMATHBHOCTH

9 (EKTUBHBIX ~KOMMYHHKAmuii, | 2
CTPECCOYCTOIUNBOCTB,

5566825

Yro Gymer IIocoM: 6

5289206

3uanune ocaoB HTML, CSS, Javascript, PHP 4 6

3841654

Beicmiee obpa3oBanue 5
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V. DESCRIPTION OF MODELS

We have used the following vector models in our
experiments: tf-idf [14], word2vec [15], fasttext [16], Ida [17],
Isi[18], artm [19,20]. (table 5).

TABLE V. VECTOR MODEL FAMILIES
Model \ dataset Size vector 100K 13M Full Text
parts parts 430K
Stage 1
TFIDF 10, 50, 100, +
200, 300, 500
WORD2VEC 50, 100, 200, +
300, 500
FastText 50, 100, 200, +
300, 500
LDA 10, 50, 100, +
200
LSI 10, 50, 100, +
200
ARTM 10, 20, 50, +
+regularization 100, 200, 500
Stage 2
WORD2VEC 50, 100, 200, + + +
300, 500 (sv 300) (sv 300)
FastText 50, 100, 200, + + +
300, 500 (sv 300) (sv 300)

* information of datasets is presented in table 1
* the description of stage 1 and 2 is presented in the section “experiment
description”

We have used the following naming convention for our
models:

ALGORITHM_SIZE-VECTOR_[REGULARIZATION
PARAM.]_DATASET.

Using various regularization parameters present in the
ARTM library [21], we have constructed a total of 1944
variations of this topic model. This was done in order to assess
the impact of regularization on the quality of a topic model,
when it was used to facilitate short text clustering. The main
regularizers are [22]:

e SmoothSparsePhiRegularizer provides the ability to
smooth or discharge subsets of topics (values used:
0.0,-0.1,-0,25-0.5, -1, -1.25, -1.5, -1.75, -2.0)

e SmoothSparseThetaRegularizer provides the ability to
smooth or parse subsets of topics in multiple
documents (values used: 0.0, -0.1, -0,25-0.5, -1, - 1.25,
-1.5,-1.75, -2.0)

o Decorrelator provides the ability to decorrelate topics
(for example, to make topics more distinct), which
allows to increase the interpretability of topics (values
used: 0, 1000, 3000)

VI. STRUCTURE OF THE EXPERIMENT

Stage 1. At the first stage, all possible variations of vector
models and their hyper parameters (see table 5), trained on a
100K dataset, were obtained. For each model, clustering
quality estimates were calculated. In total, about ~ 2K models
were constructed for all variations of the algorithms and their
parameters. Two models with the best estimates passed to the
next stage (the results are shown in Figures 2-3).

For each vector model we have built its own family of
models with different sizes of output vectors. All models were
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further trained and clustered under equal conditions on a 100K
dataset. It was done in order to further analyze and evaluate
the impact of different datasets on the final clusterization
assessment. The models that showed the best result on 100K
were further trained and compared on the 13M dataset
and 430K _fulltexts (stage 2).

Clustering was performed on a different number of
clusters (5, 7, 10, 15, 20, 30, and 50) using the clustering
method: K-MEANS for each vector model. The choice of this
clustering method was determined by the analysis of the
following articles [23,25]

The quality of clustering assessment. To evaluate resulting
clusters, we utilized ARI [26]: a popular metric for quality
assessment in clustering tasks. Since in step 3 clustering was
performed with different number of clusters (namely 5, 7, 10,
15, 20, 30, and 50 clusters) for each vector model, it was
decided to evaluate the total quality of the vector model as the
average of all clustering estimates for this model. The
assessment of the quality of clustering was carried out without
taking into account group 6 (see table 1).

Stage 2. For two models of the leaders of stage 1,
additional models were trained on 13M and 430K_fulltext
datasets. Comparative assessments were made of the impact
of the dataset size on the final grade (the results are shown in
Figure 4). One model with the best ratings, passed to the next
stage.

The results of the leader model were evaluated in detail,
which at the previous stages received the highest estimates of
the quality of clustering (the result is shown in Fig.5).

VII. RESULTS

A. ARTM and regularization

Figure 2a shows that the best size of the topic vector
(size_vector) for ARTM models is 20. The Figures 2c and 2d
show that moderate regularization
(SmoothSparsePhiRegularizer and
SmoothSparseTheteRegularizer regularizers, respectively)
can lead to a slight improvements, but in Figure 2b (
regularizer Decorrelator) for any use of regularization leads to
a deterioration of the final estimates.

Based on the totality of indicators for further comparative
experiments, a topic model was selected with the following
parameters: topic size 20, SmoothSparsePhiRegularizer
(parameter tau) = -0.5, SmoothSparseThetaRegularizer
(parameter tau) = -0.5, Decorrelator = 0.

B. The comparison of vector models

The next series of experiments was devoted to comparing
the effects of the different types of and values of their main
hyperparameter - the size of the output vector on the quality
of the final value (average ARI).

Figure 3 shows that the best results are achieved by
word2vec_50 and fasttext 50. An interesting effect can be
observed in almost all models: an increase in the vector size
(starting with 50) does not lead to a significant improvement
in the quality of clusters. In case of word2vec (Fig. 3.b) it leads
to a smooth decrease (deterioration) of the final estimate.
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Fig. 2. Average ARI score for different sizes of the topic vector (a), and for
different values of regularization parameters (b, c, d).
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Fig. 3. Average ARI rating for different sizes of the output vector

Based on their performance, word2vec and fasttext models
were chosen for further experiments, designed to assess the
possible influence of the vector size on the quality of produced
clusters. As a result, for the final assessment of clustering,
word2vec and fasttext models were selected.

Advances in Intelligent Systems Research, volume 174

The graph (Fig. 4) illustrates that overall word2vec_50 is
outperforms fasttext 50 for all sizes of the output vector. Also
for fasttext increasing the output vector size has almost no
effect on the quality of clustering. However, increasing the
vector size for word2vec leads to a smooth decrease in the
quality of clustering (within 1-2%). It can be concluded that
for the task of clustering short texts it is not necessary to
choose a large output vector size (this conclusion is also
relevant for other types of vector models, as follows from
Figure 3).
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Fig. 4. Comparison of average ARI for different vector sizes for word2vec
and fasttext models

C. Determining the number of clusters

For the best model (word2vec 50 100K), the clustering
was evaluated for 5, 7, 10, 15, 20, 30, 50, 75, 100 clusters. The
results are presented in Fig. 5. The highest quality is achieved
with 30 classes. This number of clusters was taken as the basis
for further actions.

w2v_50_100K
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Fig. 5. Assessment (ARI) of word2vec 50 100K clustering quality for
different numbers of clusters

D. Defining Clustering Features

For the final experiment, the word2vec 50 100K model
was used to create 30 clusters. Fig. 6 provides the distribution
of clusters in groups that are presented in table 2. We can
distinguish groups 1, 2, 3, 5, 8, 9, 12, 14, 16, 17, 18, 19, 20,
which are mostly covered by 1-2 clusters, which may indicate
that clustering based on the selected model learns features of
short texts in these groups rather well.

Special attention should be paid to groups 4 and 6, for
which the original, manually labeled dataset was significantly
unbalanced, making it much more difficult for the clustering
algorithm to discern unique features in these groups.
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Another metric of quality for clustering is the homogeneity
of the resulting clusters. Clusters, predominantely distributed
between 1 or 2 classes, are considered to be highly
homogenous. Figure 6 shows the distribution of clusters #01-
10 for 22 groups from table 2.. Total number of clusters is 30,
the first 9 clusters were selected for demonstration. Clusters
00 and 07 did not contain a single record and therefore were
not included in the graph. Figure 6 shows that the majority,
specifically 7 clusters: 01, 03, 04, 05, 06, 08, 09, are
distributed over one dominant group, which may indicate that
the clustering algorithm manages to create fairly
homogeneous groups of short texts that coincide with separate
manually labeled classes (see table 3).

Advances in Intelligent Systems Research, volume 174

Table 6 presents short texts taken from clusters #01-10.

Analyzing the results in table 3 in detail, it can be noted
that the short texts selected by the clustering algorithm in
clusters 1, 3, 4, 5, 8 are very close both in terms of vocabulary
and in meaning. They form fairly homogeneous clusters, but
in cluster # 2 examples of short texts are quite different, both
in terms of vocabulary and content, which makes it non-
homogenous (this conclusion is fully supported by the graphs
in Figure 6).

clusters distribution, word2vec, vector size: 50, number of clusters: 30
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Fig. 6. The distribution of clusters in groups from table 2
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TABLE VI. EXAMPLES OF SHORT TEXTS FROM DIFFERENT CLUSTERS
Examples of short texts Cluster #
MS Windows Ha 3KcriepTHOM YpOBHE 1
VBepeHnHoe BiaseHre KomibrotepoM u makerom MS Office (Word, Excel, Visio) 1
VBepennslit nons3osarens [1K, 1
Ipodeccnonansroe 3Hauue 11K u opucHbix npuioxenuit MS Office; 1
IpoxBunyTkIii mosb30Batens MS Excel. 1
3uanue Microsoft Word, Excel 1
VYyacrtue B paboTe 110 IIOCTaHOBKE CHCTEMBbI IPOLIECCHOTO YIIPABICHHUS, CO3J[aHUH MPOLIECCHOTO odrca. 2
BeInonHeHrne HHXUHUPHHTA IS HY)KJ IPOTPaMMHBIX KOMIUIEKCOB 00BEKTOB SHEPreTHKU 2
IMopmnepskka paboOTOCTIOCOOHOCTH NPEIOCTaBISIEMBIX KOMITAHUEH yCIIyT 2
TepeBo3ka nepconana DTLI 1uist BbINOIHEHMS pabOT Ha CETAX CBSI3H. 2
Pa3paboTka 1 BHEAPEHUE TPEiL/I-MapPKETHHIOBBIX IPOrPaMM B KOOPMHALUH C OT/EIOM MapKEeTUHTa; 2
PaboThl 10 CONPOBOXKACHUIO M CEPBUCHOMY OOCITY)KUBaHUIO OAaHKOMATOB B OaHKaXx; 2
IIpenocraBieHue KOHCYIBTALUK 10 BHECEHHMIO IUIaThl Branensuam Tpancnoptaeix Cpencts (nanee BTC) 3
CompoBoXIeHHE NOJIb30BATENEH B IEPHO OIBITHO-IPOMBIIIICHHOH 3KCILTyaTallny CHCTEMBI; 3
OmBIT OOLIEHHS C MTOTB30BATSISIMHE; 3
KOHCYJIBTHPOBATH 110 TEXHHIECKUM BOIIPOCAM BBICOKOTO YPOBHSI CIIO)KHOCTH; 3
5) Koncynpranuu nosnp3obarenei 3
I'paMOTHast yCTHas! M MICbMEHHAs peyb; 4
CuibHbIE HABBIKM KOMaHHOW paboThl M 3)(HheKTUBHOTO B3aUMOICHCTBUSI. 4
OTiMYHbIE KOMMYHUKATHBHBIE HABBIKU 4
Bynems npuMeHSITh Ha IPaKTHKE HABBIK () (EKTUBHBIX TeJIe(OHHBIX IIEPErOBOPOB. 4
HaBBIKH BeJIeHUsI ITepETOBOPOB; 4
- CHJIbHBIC aHATUTHYECKHE U JIHICPCKUE CIIOCOOHOCTH, OTIIMYHbIC KOMMYHHKATHBHBIC HAaBBIKH; 4
3nanue cepepasix OC Windows Server 2008/2012. 5
OmbiT paboTs ¢ mpoaykramu MS Office ot 2010. 5
OIIBIT MOCTPOEHUSI JIOKAIBHOM CETH C MCTIONB30BaHKeM JJoMeHHOM uepapxun (Windows u Samba); 5
3HaHME TIPUHIUIOB PaboTHI U onbIT HacTpoiiku 1K u meprudepuitHbIX ycTpoicTB; 5
3nanue npuHIUNoB padotsl CYB/], pe3epBUpoBaHus, pe3epBHOIO KOMPOBAHHUS U BOCCTAHOBIICHHSI. 5
3+ sier Python/Django ¢ "6oeBbIM" OIBITOM. 8
3uanune ocioB HTML, CSS, Javascript, PHP 8
3nanne HTMLS, CSS3, JavaScript, Ajax, jQuery, SASS; 8
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VI1I1l. CONCLUSION

The article provides the comparative analysis of vector
models applied to the task of clustering short texts in the field
of Russian labor market. A comparative assessment of the
influence of the size of vector representations on the quality
of clustering is shown. We conclude that the choice of vector
size value in the region of 50 is optimal and preferable. It is
also shown that increasing the size of the output vector for
most models does not improve the quality of clustering. For
the ARTM model moderate regularization results positively
on the quality of clustering. Additionally, we have proved that
the size of the dataset does not significantly improve the
clustering quality.

In the final series of experiments with the best model
(word2vec 50 100K, clustered by k_means 30), we have
shown that a large number of clusters turn out to be fairly
homogeneous, and this model copes well with its.
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