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Abstract—This work presents an approach to creating interpreted vector representations of words in which
each component of the vector corresponds to a certain interpreted semantic category. To obtain such catego-
ries, a lexical and semantic resource in the form of the semantic network RuWordNet is used, as well as a rep-
resentative corpus of Russian-language texts for generating vector representations. The resulting interpreted
vector representations were tested for the ability to display different models in the same vector space.
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INTRODUCTION

Currently, the main form of representation of
words and other language units are representations in
the form of vectors of low dimension (embeddings)
obtained by processing large text corpora [6, 15]. In
this case, the dimensions of vectors themselves are not
interpretable—it is impossible to say what this or that
dimension in the vector means. Vector representations
are formed when analyzing the contexts in the corpus,
while in the process of learning there is an element of
randomness, primarily when initializing the model.
Recalculation of vector representations on the same
corpus and vector representations calculated on
another corpus cannot be compared with each other;
they require special procedures for constructing com-
parisons (transformations) between vector representa-
tions.

The problem of comparing different vector repre-
sentations calculated on different corpora of the same
language or different languages arises in such problems
as cross-language model transfers [4, 14], model
transfers between different domains (domain transfer)
[21], and comparison of vector representations trained
on text corpora related to different time intervals (for
example, for study of changes in word values).

In experiments by different authors, it was shown
that vector spaces contain so-called hubs, which are
vectors close to a large number of other vectors in space
[18]. This problem manifests itself in vector spaces of
words in the form of words that have a high cosine
resemblance to a large number of other words [19].
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In this study, we look at the problems of hubs, on
the other hand—whether it is possible to distinguish
semantically interpreted hubs in vector space as some
essential semantic categories in a collection of texts,
and further expand the vector space taking into
account these hubs, thus making measurements of
vector space interpretable.

We explore the approach of obtaining semantically
interpreted categories for vector representations based
on the attraction of lexical and semantic resources in
the form of semantic networks such as WordNet [7]. In
this study, we conduct experiments for the Russian
language, and as such hubs we use semantic classes
(supersenses) from the semantic resource of the Rus-
sian language RuWordNet [13]. The selection of
supersenses is made on the basis of a representative
text corpus, which allows one to create an adaptive set
of semantic categories (supersenses) for a task and/or
subject area.

1. CLOSE WORKS

In theoretical and computer semantics, there is the
concept of a semantic class, that is, a set of words that
have similar semantic features, for example, living
beings, objects, actions, etc. Different semantic theo-
ries and models offer their own sets of semantic classes
[3, 9], which are used, for example, in syntactic-
semantic analysis, to construct the semantic structure
of a sentence, etc.

When using resources in the form of semantic
networks in automatic text analysis, for example,
WordNet [7], such semantic classes are formed natu-
rally—by means of concepts (synsets) at the top of the
hierarchy of the semantic network (supersenses).
In WordNet, this list of supersenses includes 26 syn-
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sets of nouns, for example, ANIMAL, PERSON, and
FEELING, and 15 synsets of verbs, for example,
COMMUNICATION, MOTION, and COGNITION.

In [8], the authors create vector representations for
WordNet supersenses. To do this, they use the corpus
of English Wikipedia pages, automatically marked by
the values of the BabelNet resource (which includes as
an integral part WordNet) [ 16]—the accuracy of auto-
matic markup is estimated as 77.8% [20]. The marked
corpus is used as follows: ambiguous words receive an
additional mark of the supersense to which they relate.
On the basis of the received corpus with the markup of
supersenses, the authors teach vector representations
of words, words with a resolved ambiguity regarding
the supersense, and the supersenses themselves in one
vector space word2vec [15]. As a result, embeddings
for words trained in conjunction with supersenses
allowed for higher quality predictions of semantic sim-
ilarity of words [1, 12, 17] on four datasets out of five.
In addition, embeddings with supersenses have
improved the results in the sentiment analysis, classi-
fication of subjective sentences, and the identification
of metaphors.

The paper [2] investigates the generation of contex-
tualized embeddings for WordNet supersenses based
on the neural network model of BILSTM. The authors
use six generalized supersenses to represent nouns:
Animate Entity, Natural Object, Artifact (created
Object), Dynamic situation (e.g., Action), Static situ-
ation (e.g., state). For each supersense, the authors
select 200 relevant and also randomly additionally
selected negative examples that are not related to this
supersense. The resulting lists of examples are used to
mark the corpus, in which words from the lists are
replaced with positive or negative tags of each super-
sense, and a pseudo-annotated case is obtained.

On the received corpus, a classifier is trained,
which, receiving the word and context, predicts the
probability of referring the word to a specific super-
sense. The BiLSTM neural model is used for classifi-
cation. As a result, each word receives a certain value
in the vector of dimension 6 of supersenses. Thus, for
each word, an interpreted vector is obtained. The
approach is tested in the problem of predicting a
supersense for a word on a marked French corpus and
compared with the neural network language model
FlauBERT [11], the French version of the model
BERT [6]. It is shown that, on small volumes of train-
ing data, the proposed approach is comparable with
FlauBERT. In addition, the method is much faster
and less expensive on resources than FlauBERT.

As can be seen, in the described works, supersenses
(abstract semantic categories) are fixed in advance. In
our work, we explore the approach to flexible (adap-
tive) allocation of supersenses for a task or subject area
based on the corresponding text corpus and the struc-
ture of the corresponding vector representations.
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2. THE IDEA OF ADAPTIVE SUPERSENSES

Supersenses are RuWordNet synsets (or other
resources in the form of semantic networks) that have
the following properties:

— the supersense should have several hyponyms
(specific concepts), i.e., really be a generalizing con-
cept for more specific concepts and be a node of close
words on the thesaurus;

—the concept as a node of words close in meaning
must be confirmed on the basis of some representa-
tive corpus—namely, words from supersenses and
related concepts must form a clique—a graph in
which all vertices are connected with each other. The
connections between words in the clique are consid-
ered on the basis of a cosine measure of the similarity
of embeddings for a given corpus exceeding a given
threshold. For example, a synset cify linked in
RuWordNet to a large number of specific cities cor-
responds to a clique of more than 200 city names
whose vector representations are close to each other
with a cosine measure above 0.4 calculated on the
basis of the Araneum corpus.

Thus, supersenses are semantic categories allo-
cated by people in semantic resources, additionally
confirmed by the high semantic similarity of vectors,
associated with other words, which makes it possible
to adapt a set of supersenses to a specific task or a spe-
cific subject area; i.e., it is assumed that, for different
tasks and related corpora of data, the set of supersenses
should differ, reflecting the most significant categories
in this subject area.

3. THE ALGORITHM
OF GENERATION OF SUPERSENSES

The algorithm for the formation of supersenses
includes the following steps.

1. The selection of synsets from RuWordNet that
have at least several specific relations (hyponyms) with
other synsets are candidates for supersenses.

2. The generation of a set of words (sematic hub)
corresponding to the supersense candidate is all the
words and expressions from the synset of the concept
in RuWordNet, as well as words and expressions from
the synsets directly related to this concept by the rela-
tions of hyponym-hyperonym (generic-specific rela-
tions).

3. Creating a concept clique for a supersense based
on the cosine similarity of hub synset embeddings and
a given threshold. Cliques are calculated using an
algorithm from the NetworkX package. The link
weight between two synsets is defined as the average
link weight of words from different synsets of the pair.
The weight of the word’s links is the value of the cosine
similarity calculated by some corpus of the distribu-
tion model (word2vec, glove). The average weight
must be greater than the set threshold. In order to be
Vol. 33
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selected as a candidate for a supersense, a minimum
clique must arise—three concepts.

4. For the selected supersense, it is necessary to
create a representative vector representation, since
multivalued and/or rare words can occur in the
semantic hub associated with the supersense (syn-
onyms, hyponyms, hyperonyms). To do this, from the
words of the hub, a network of distributive relations
with the scales of cosine similarity is created, the
PageRank [5] of each word is calculated on the net-
work, the five most weighty words are selected, and
their average vector representation is considered as a
vector representation of a supersense. Examples of
selected supersenses based on the vector model of the
Araneum corpus [10] are presented in Table 1.

5. The next stage is the selection of supersenses
from all selected candidates. Selection begins at the
top level of the hierarchy of the semantic RuWordNet
network, since we are interested in the most general-
ized, abstract concepts. If another supersense is simi-
lar in a vector model to one already selected and being
its hyperonym, then this concept is rejected, because
too many similar supersenses lead to an intricate sys-
tem of semantic categories.

A simplified fragment of the supersense selection
log is as follows:

{106509-N’, ‘name’: ‘component’, ‘status’: ‘Added’}

{‘106646-N’, ‘name’: ‘relation between entities’, ‘sta-
tus’: ‘Added’}

{'106846-N°, ‘name’: ‘variant, variety’, ‘status’:
‘Added’}
{132964-N’, ‘name’:  ‘innovation’, ‘status’:

‘skipped’, ‘condition’: ‘clique_size < 3’}

{'112766-N", ‘name'": 'back’, status’: ‘skipped’, ‘con-
dition": 'close to (106509-N:0.59) "}

{'110735-N', ‘name’: particle (small part)’, status'"
skipped’, ‘condition’: ‘close to (106509-N:0.50) "}

The log shows that some of the supersenses are not
approved (skipped) because of the lack of a corre-
sponding clique (“clique_size < 3”), and some of the
supersenses are rejected because of too high a similar-
ity to the already selected supersenses (“close to”).

Despite the selection of supersenses, there are still
supersenses close in meaning, which are usually sub-
types of a broader concept (sister concepts), for exam-
ple, the concepts of the humanities and social sciences.
In this case, it is natural to generalize sister concepts to
a broader concept. Let us give examples of generaliza-
tions of sister concepts similar by the vector model to
the generic concept:

* humanities, social sciences — science;

* scientific institution, higher educational institution —
organization that performs research and development;

* a foreign state, a European country, a developed
state, a republic (state), a socialist state — a state;
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Table 1. Examples of highlighted supersenses and their most
representative words

Five most representative

RuWordNet Name of the .
synset ID |RuWordNet synset words corresponding to
the supersense
106509-N | Component part |slice, strip, bottom, strip,
side
106501-N | Occupation, fun, occupation, enter-
activity tainment, passion,
industry
106768-N | Property, charac- |abstract, unsophisti-
teristic cated, stylish, abstract,
isolated
106646-N | Relationship difference, correlation,
between entities | relationship, dissimilar-
ity, divergence
106505-N | Product of work | original, product, pro-

duction, goods, issue

* flowering plant, herbaceous plant, shrub, evergreen
plant — plant;

* military rank, noble title — rank.

Depending on the corpus on which the vector
model is calculated, the described procedure gives
100—300 supersenses that combine different numbers
of elements. Supersenses (semantic classes) should
not be many. Therefore, at the last step, supersenses
are replenished with all the other words from the cor-
pus (at the current stage, only nouns from RuWordNet
present in the corpus), whose cosine similarity to
supersenses is above a certain threshold, and a given
number of supersenses with the maximum number of
elements is selected.

Thus, as a result of the described procedure, super-
senses (semantic categories) from the RuWordNet
resource are selected, to which a certain set of words
close to each other according to the corpus distributive
model (clique) simultaneously corresponds. Each
supersense has its own vector representation according
to the original distribution model. All other words
from the text corpus can be represented as a vector of
similarity to these supersenses; i.e., if 100 supersenses
are selected, then a vector of dimension of 100 inter-
preted dimensions will be obtained for each word.

4. EXPERIMENTS

In the experiment on the described algorithm, the
thesaurus RuWordNet and vector models trained on a
corpus of 800000 news articles were used. On the basis
of the similarity of words to the vectors of supersenses,
each word from the vector model was compared to a
vector from K components according to the vector
nearness of the word to supersenses.

No.3 2023
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Fig. 1. Histogram of the similarity of words to themselves in different models. On the x axis is the measure of closeness; on the

y axis is the number of words.

The following parameters were used in this experi-
ment:

1. Parameters of the algorithm for constructing the
list of supersenses:

(a) the minimum number of generic-specific rela-
tions in a concept for the formation of a supersense
(=5),

(b) the minimum value of the similarity between
concepts for the formation of an edge in the process of
building a clique of a supersense (=0.4),

(¢) the minimum value of the similarity between
words to form the edge between words in a supersense
for constructing a graph and then calculating the Pag-
eRank on it (=0.4),

(d) the minimum clique size from concepts in the
supersense (=3),

(e) the minimum size of a supersense in words
(=10),

(f) the number of words for calculating the super-
sense vector based on PageRank (=5),

(g) the minimum value of similarity between the
supersense being added and its already added hyper-
onyms at which the supersense will be added to the
final list (=0.3).

2. Parameters of the algorithm for generalization:

(a) the minimum value of similarity between a pair
of co-hyponyms for generalization on a hyperonym
(=0.4),

(b) the minimum depth of a supersense, which can
serve as a generalization (=3),

(c) the number of words for calculating the super-
sense vector (=5).

PATTERN RECOGNITION AND IMAGE ANALYSIS

We give examples of the obtained supersenses of
RuWordNet on these parameters: component part;
product of labor; occupation, activity, to be in a state;
image (result); group, combined on a common basis; sub-
Ject of activity, substance; scientist, etc. (see Appendix).
As one can see, it was possible to identify generalizing
semantic categories. It can also be noted that narrower
categories are also distinguished; for example, among
the concept of the subject of activity, the category of
researcher is separately distinguished, which has spe-
cific contexts. This is the supposed adaptability of the
method of allocation of supersenses, which can distin-
guish significant, important, specific categories not
necessarily of the highest level of the semantic net-
work.

As an experiment, the ability to display different
models in one interpreted vector space was tested. To
do this, on the basis of the aforementioned news cor-
pus, two word2vec vector models with the same
parameters were trained (skip-gram, window size of 3,
number of epochs of 10).

The first part of the experiment was to verify that
two vector models trained even on the same corpus
and with the same parameters would have different
vector representations. For this purpose, for each word
from the collection, the cosine similarity between vec-
tors from two different models was considered. A his-
togram of word similarity is shown in Fig. 1. The aver-
age similarity was 0.6. This means that ordinary vector
models, even trained on the same corpus, create
incomparable vector representations in which the rep-
resentations of even the same word may not be similar
to each other.

To test the persistence of semantic similarity based
on supersense vectors, we investigated how such a rep-
Vol. 33
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resentation can reveal similarities between semanti-
cally close words from independently trained vector
models. To do this, a list of ~100 pairs of words was
previously compiled, on the basis of the previously
trained word2vec model in the same formulation,
which had high similarities. To this end, for each word
from the collection, a list of the closest words was
obtained; these lists were ordered by the highest simi-
larity among the received close words. For the first
100 words in the list, their closest words were selected.

Using the resulting list, in the training of vector
models, in the first case, all the “right” words of pairs
were removed from the corps; in the second case, all
the “left” words of pairs were removed. Thus, the final
dictionaries of vector models differed according to the
obtained list of pairs. For example, for the pair
(belarus, belorussia), when training the first vector
model, all cases of using the word belorussia were
removed, and when training the second model, all
cases of using belarus were removed. Thus, these mod-
els do not have the corresponding words in their dic-
tionaries.

Further, for each of the two vector models, in
accordance with the construction algorithm, vector
representations based on supersenses were obtained.
In order for the obtained vector models to be fully
comparable, alignment was performed at several
stages of the algorithm.

1. The maximum clique weight for each supersense
was obtained by averaging the corresponding weights
in two models.

2. The final list of supersenses was formed as an
intersection of the lists of supersenses obtained in the
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two models, and the position of supersenses was
formed as an average position.

Thus, the obtained lists of supersenses turned out
to be identical and contained 78 supersenses. Since the
total number of supersenses due to the procedure of
crossing the lists turned out to be less than 100, the
operation to truncate the set was not carried out. In a
simpler case, when work is done with only one model,
usually the number of supersenses is more than 100.

As a result, each word from the model was mapped
to a vector model based on supersenses, and if the
word was found in both models, its representation was
averaged. In the obtained vector model, the dictionary
is a combination of dictionaries of two models.

To test the hypothesis that, with the help of the
developed approach, it is possible to display different
models in one vector space, an analysis was conducted
of how close to each other are the words from previ-
ously selected pairs in relation to other words. To do
this, in the obtained vector model for each word from
the pair, a list of the closest words was calculated,
among which a search for the second word from the
pair and its position in the list was conducted. For
example, the five closest words to the word belarus
were belorussia 0.991, kazakhstan 0.988, sudan 0.984,
ukraine 0.984, and russia 0.984; the five closest words
to belorussia were belarus 0.991, kazakhstan 0.984,
latvia 0.983, hungary 0.983, and moldova 0.983. Thus,
the average rank for the pair (belarus, belorussia) is 0
(counting from 0).

The results showed that for 60% of pairs, the
desired word was in the top 5. The final allocation of
positions can be seen in Fig. 2.
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Fig. 2. Rank distribution histogram for word pairs under study. On the x axis is the rank; on the y axis is the number of pairs.
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Thus, two models were independently trained on
the corpus each of which did not contain some set of
words close to each other, but in the representation
based on supersenses, these words were close.

CONCLUSIONS

This paper presents an approach to creating inter-
preted vector representations of words in which each
component of the vector corresponds to some inter-
preted semantic category. To obtain such categories,
the lexical and semantic resource in the form of the
semantic network of the Russian language RuWord-
Net is used, as well as a representative corpus of Rus-
sian-language texts for generating vector representa-
tions.

The resulting interpreted vector representations
were tested for the possibility of displaying different
models in one vector space so that words close in
meaning that are present in one model, but are not in
another, are close to each other in the final vector
model.

APPENDIX

The appendix provides a list of supersenses for the
model (the first 30 supersenses) which were obtained
in the described experiment:

Supersense 0: component part: strip, piece, pulp,
barrel, component

Supersense 1: product of work: work, production,
goods, product, ware

Supersense 2: occupation, activity: occupation,
industry, hobby, profession, interest

Supersense 3: to be in a state: languishing, vitality,
adoration, thawing, starvation

Supersense 4: image (result): photo, drawing,
image, engraving, snapshot

Supersense 5: group united by a common trait:
three, thirty, ten, hundred, twenty

Supersense 6: subject of activity: debtor, opponent,
buyer, benefactor, organizer

Supersense 7: substance: perfume, preservative,
powder, ingredient, substance

Supersense 8: vary, change: improvement,
increase, decrease, slow down, impregnation

Supersense 9: place in space: bend, bulge, speck,
surface, ravine

Supersense 10: natural phenomenon: weather, sed-
iment, cloud, wind, cyclone

Supersense 11: spend, consume: expenditure,
economy, consumption, overconsumption, cost

Supersense 12: computer program: utility, applica-
tion, subprogram, program, update
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Supersense 13: biological essence: cell, tissue,
mitochondria, organism, chromosome

Supersense 14: movement, displacement: riding,
movement, inclination, travel, jump

Supersense 15: state, internal circumstances:
orderliness, dryness, moisture, sputum, situation

Supersense 16: population: urban, Latino, Euro-
pean, Uralian, Sverdlovsk

Supersense 17: physiological process: climax,
regeneration, secretion, heartbeat, menopause

Supersense 18: physical property: permeability,
density, conductivity, fragility, property

Supersense 19: unit of measurement of informa-
tion: Mb, gigabyte, Mbit, kbit, megabyte

Supersense 20: unit of volume: gallon, decaliter,
half liter, barrel, liter

Supersense 21: change, make different: improve,
lighten, increase, decrease, change

Supersense 22: unit of mass: kilogram, gram, kilo,
ton, ounce

Supersense 23: ability: tact, musicality, skill, flexi-
bility, disposition

Supersense 24: material for manufacture: foam,
latex, plastic, winding, rubber

Supersense 25: unit of length: micron, meter, cen-
timeter, nanometer, millimeter

Supersense 26: construction, structure: construc-
tion, building, structure, hut, formation

Supersense 27: object, thing: ball, bar, piece, patch,
decoration

Supersense 28: age: adolescence, childhood, age,
property, old age

Supersense 29: shape, appearance: roundness,
bulge, trim, cut, style

Supersense 30: God: God, Lord, Christ, god-man,
Jesus
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