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Abstract—This paper presents an approach to creating interpretable word embeddings, in which
each component of the vector corresponds to some interpretable semantic category. To obtain such
categories, a lexico-semantic resource is used in the form of the RuWordNet semantic network,
as well as a representative corpus of Russian-language texts to train vector representations. The
resulting interpretable embeddings were evaluated on semantic similarity tasks.
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1. INTRODUCTION

Currently, the main form of representation of words and other linguistic units are representations in
the form of low-dimensional vectors (embeddings) obtained by processing large text corpora [1, 2]. At
the same time, the dimensions of the vectors themselves are not interpretable - it’s impossible to tell
what any dimension in a vector means. Embeddings are trained by analyzing the contexts in the corpus.
Recalculated embeddings on the same corpus or embeddings calculated on another corpus cannot
be directly compared with each other, therefore the special procedure for constructing comparisons
(transformations) between vector representations is required.

The problem of comparing different embeddings calculated on the corpus of different languages arises
in such tasks as cross-lingual transfer [3, 4], model transfer between different domains (domain transfer)
[5], comparison of vector representations trained on text corpora related to different time intervals (for
example, to study the change in the meanings of words).

In the experiments by various authors, it has been shown that vector spaces contain the so-called
hubs, which are vectors close to numerous other vectors in the space [6]. This problem manifests itself
in word vector spaces in the form of words that have a high cosine similarity with many other words [7].

In this study, we consider the problems of hubs from the other side - is it possible to single out
semantically interpretable hubs in a vector space, as some essential semantic categories in a collection
of texts, and then transform embeddings, taking into account these hubs, thus making the dimensions
of the vector space interpretable. We explore the approach of obtaining semantically interpretable
categories for embeddings based on the use of lexico-semantic resources in the form of semantic
networks such as WordNet [8]. In this study, we conduct experiments for the Russian language, and
as hubs we use semantic classes (superconcepts) from the semantic resource of the Russian language
RuWordNet [9]. The selection method of superconcepts is based on a representative text corpus, which
makes it possible to create an adaptive set of semantic categories (superconcepts) for a task and/or
domain. We have shown that using the proposed method it is possible to transform the initial word
embeddings into interpretable ones without loss in quality on semantic similarity tasks.
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2. RELATED WORKS

In theoretical and computer semantics there is the concept of a semantic class, i.e. set of words
that have similar semantic features, such as living beings, objects, actions, etc. Different semantic
theories and models offer their own sets of semantic classes, which are used, for example, in syntactic-
semantic analysis, to build the semantic structure of a sentence, etc. When used in automatic text
analysis, resources in the form of semantic networks, for example, WordNet [8], such semantic classes
are formed naturally—at the expense of concepts (synsets) at the top of the semantic network hierarchy
(superconcepts, supersenses). In WordNet, such a list of superconcepts includes 26 noun synsets,
for example ANIMAL, PERSON, FEELING and 15 verb synsets—COMMUNICATION, MOTION,
COGNITION.

In [10], the authors create embeddings for WordNet superconcepts. To do this, they use the corpus of
English Wikipedia pages, automatically tagged according to the values of the BabelNet resource (which
includes WordNet as an integral part) [11]—the accuracy of automatic tagging is estimated at 77.8%
[12]. The corpus is used in the following way: ambiguous words receive an additional mark for the
superconcept to which they refer. Based on the obtained corpus with superconcept markup, the authors
train embeddings, words with ambiguity resolved concerning the superconcept, and superconcepts
themselves in the same vector space word2vec [2]. As a result, embeddings trained together with
superconcepts made it possible to achieve a higher quality of predicting semantic similarity of words
[13–15] on four out of five datasets. In addition, superconcept embeddings have improved results in
sentiment analysis, subjective sentence classification, and metaphor identification.

The work [16] explores the generation of contextualized embeddings for WordNet superconcepts
based on the BiLSTM neural network model. The authors use six generalized superconcepts to
represent nouns: Animated entity, Natural object, Artifact (created object), Dynamic situation (for
example, action), and Static situation (for example, state). For each superconcept, the authors select
200 relevant ones, and also randomly select negative examples that are not related to this superconcept.
The resulting lists of examples are used to create the pseudo-annotated corpus, in which the words from
the lists are replaced with positive or negative tags of each superconcept.

A classifier is trained on the corpus, which, after receiving the word and context, predicts the proba-
bility of referring the word to a particular superconcept. The BiLSTM model is used for classification. As
a result, each word receives a certain value in a 6-dimensional vector of superconcepts. Thus, for each
word, an interpretable vector is obtained. The approach is evaluated in the word superconcept prediction
task on the labeled French corpus and compared with the FlauBERT [17] neural network language
model, the French version of the BERT model [1]. It is shown that on small amounts of training data,
the proposed approach is comparable to FlauBERT. In addition, the method is much faster and less
resource intensive than FlauBERT.

In another work [18], a method is proposed for training word embeddings in such a way that each
coordinate is interpretable and associated with some concept from the thesaurus, and in such a way
that positive and negative values of the coordinates are associated with different concepts. The authors
achieve their goal by fixing top K concepts from the thesaurus and modifying the loss function to train
embeddings. One of the advantages of the proposed approach is that there was no quality degradation
on the evaluated benchmarks for the resulting embeddings.

As can be seen, in described works, superconcepts (abstract semantic categories) are fixed in
advance. In our work, we explore an approach to the flexible (adaptive) selection of superconcepts
for a task or domain based on the corresponding text corpus and the structure of the corresponding
embeddings.

3. ADAPTIVE SUPERCONCEPTS

3.1. RuWordNet Thesaurus

The RuWordNet thesaurus is a lexical-semantic resource (semantic network) for the Russian
language. Nodes of the RuWordNet are sets of synonyms (synsets) connected with semantic relations
(hyponym–hypernym, part–whole and others). Currently, the published version of RuWordNet includes
110,000 Russian words and expressions [19].
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The current version of RuWordNet includes the following types of relationships: hyponym–
hypernym, antonyms, domain relationships for all parts of speech (nouns, verbs, and adjectives); part–
whole relationships for nouns; and cause and entailment relationships for verbs. Synsets of different
parts of speech are connected with POS-synonym relationships. Single words with the same roots are
connected with derivational relationships. Relationships to component synsets are given for phrases
included in RuWordNet.

3.2. Key Ideas of the Adaptive Superconcept Method

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

• Superconcept must have several hyponyms, i.e., actually be a generalizing concept for more
specific concepts, represent a knot of similar words in the thesaurus,

• Superconcept as a knot of words that are close in meaning must also be confirmed based on
some representative corpus. Words from superconcepts and related concepts must form a clique
- a graph in which all vertices are interconnected. Links between words in a clique are calculated
based on the cosine similarity of embeddings that exceeds a given threshold. For example, a “city”
synset associated with numerous cities in RuWordNet corresponds to a clique of more than 200
city names whose vector representations are close to each other.

Thus, superconcepts are semantic categories identified by people in semantic resources, additionally
confirmed by the high semantic similarity of embeddings associated with them, which makes it possible
to adapt a set of superconcepts to a specific task or a specific domain. It is assumed that for different
tasks and related data corpora, the set of superconcepts should differ, reflecting the most significant
categories in a given domain.

4. SUPERCONCEPT SELECTION METHOD

The superconcept selection algorithm includes the following steps:

• Selection synsets from RuWordNet that have at least several species relations (hyponyms) with
other synsets—these are candidates for superconcepts,

• The generation of a set of words (semantic hub) corresponding to the candidate superconcept—
these are all words and expressions from the concept’s synset in RuWordNet, as well as words and
expressions from synsets directly related to this concept by hyponym–hypernym relations (genus
species relations),

• Creating a clique of concepts for a superconcept based on the cosine similarity of the embeddings
of the hub synsets 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 pairwise
similarity of words. The weights of word links are the value of cosine similarity calculated from
some corpus by the distributive model (word2vec, glove). The average weight must exceed the
specified threshold. In order to be selected as a candidate for a superconcept, a minimum clique
must arise—3 concepts,

• For the selected superconcept, it is necessary to create a representative vector representation,
since the semantic hub associated with the superconcept (synonyms, hyponyms, hypernyms)
may contain polysemantic and/or rare words. To do this, a network of distributive relations with
weights of cosine similarity is created from the words of the hub. The PageRank [20] of each
word is calculated on the network, the five most weighty words are selected, and their averaged
vector representation is considered as a embedding of the superconcept. Examples of selected
superconcepts based on the vector model are presented in Table 1,
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Table 1. Selected superconcepts example

Synset ID Synset Name Top-5 words

106509-N Component piece, stripe, bottom, ribbon, side

106501-N Occupation, activity fun, occupation, amusement, hobby, industry

106768-N Property, characteristic abstractness, artlessness, style, abstraction, isolation

106646-N Relationship between entities difference, correlation, relationship, dissimilarity, diversity

106505-N Product of labor original, production, creation, product, publication

• The last step is the selection of superconcepts from all candidates. The selection starts from the
top level of the hierarchy of the RuWordNet, since we are interested in the most general, abstract
concepts. If the next superconcept is similar by vector model to the one already selected and is its
hyponym, then this concept is rejected, since too many similar superconcepts lead to an intricate
system of semantic categories.

Despite the selection method, superconcepts that are still close in meaning are distinguished, which
usually represent hyponyms of a broader concept (sister concept), for example, the concepts of the
“humanitarian sciences” and “social sciences”. In this case, it is natural to generalize sister concepts to
a broader concept. Here are examples of such generalizations:

• humanitarian sciences, social science -> science,

• scientific institution, institution of higher education -> research and development organization,

• foreign state, European country, developed state, republic (state), socialist state -> state,

• flowering plant, herbaceous plant, shrub, evergreen -> plant,

• military rank, title of nobility -> rank.

Thus, as a result of the described procedure, superconcepts (semantic categories) were selected from
the RuWordNet, which simultaneously correspond to a certain set of words that are close to each other
in terms of similarity (clique). Each superconcept has its own embedding according to the original
vector model. All other words from the text corpus can be represented as a vector of similarity to these
superconcepts, i.e., if 100 superconcepts are selected, then for each word a vector of dimensions of 100
interpretable dimensions will be obtained.

5. EXPERIMENTS

5.1. Datasets

The evaluation of the proposed method was carried out on the Russian language on semantic
similarity datasets: WordSim-353 in two variants (two different translations) [14, 15] and SimLex-999
[21]. The metric was the Spearman correlation between scoring based on the vector model and scoring
based on human ratings. It is worth noting that the quality of the RUSSE wordsim dataset [15] is higher
than the other one [14] for Russian, since all translations were separately evaluated by people.
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5.2. Baselines

As baselines, we considered the following approaches:

• init_model—Initial vector model.

• random_words—Random selection of K words from the vocabulary as anchors and the creation
of a vector as similarity to them,

• random_words_t5—Random selection of K words from the vocabulary as anchors and top-5
most similar words to them and the creation of a vector as similarity to the mean vector,

• kmeans_words—Clustering words with k-means algorithm and choosing the words closest to
the centers of the clusters as anchors,

• kmeans_words_t5—Similar to kmeans_words, but choosing top-5 words for each cluster.

• kmeans_synsets—Clustering synsets with k-means algorithm and choosing synsets closet to
the centers of the clusters as anchors, synsets embeddings are averaged embeddings of synset
words,

• kmeans_hubs—Clustering of superconcepts obtained at the first step of the proposed algorithm
without further filtering, top 5 representative words are used as vector representations of super-
concepts,

• kmeans_synsets (taxoexpan)—Similar to kmeans_synsets, but synset embeddings are
formed using TaxoExpan,

• kmeans_hubs (taxoexpan)—Similar to kmeans_synsets, but superconcept embeddigs are
formed using TaxoExpan (vector of supersence center),

As a k-means algorithm, 2 implementations from the scikit-learn Python package were tested:
KMeans and MiniBatchKMeans. A comparison was made of the quality, std and performance.

5.3. TaxoExpan

TaxoExpan [22] is an approach in which graph vector representations (GCN [23], GAT [24]) for
thesaurus concepts are trained by solving the hypernymy prediction task. The method proposed by
the authors shows high quality on a number of datasets, so it was used as an alternative approach to
encoding concepts into vector space.

Some previous work [25] shows, that there are problems with applying TaxoExpan implementation,
provided by the authors, to RuWordNet. We investigated this problem and were able to get positive
results for the investigated vector model.

• Problem 1: When using a vector model other than fasttext, not all concepts are covered by the
model, which leads to abnormal values of predictions on a number of concepts,

• Problem 2: Some concepts in the thesaurus have hundreds of hyponyms, so in the case of
automatic train/validation/test splitting, some concepts appear as the correct answer too many
times in relation to others, which can negatively affect the learning process,

• Problem 3: In the case of prediction for new words by an existing method in infer.py, predictions
are made only for a part of the nodes (without validation nodes), and test nodes are disconnected
from the general graph,

• Problem 4: The normalization of vectors during training and inferring is different.
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To eliminate Problem 1, the vector representation of phrases was formed by averaging the vectors
of constituent words, and the remaining concepts not covered by the model were removed from the
thesaurus in such a way that their hyponyms and hypernyms were connected by the corresponding
relation. Problem 2 was solved by creating a partition in a special way so that the same hypernym
could be present as a positive example during training no more than K times. Problems 3-4 have also
been fixed.

The model was trained with LMB classifier and PGAT embeddings, with initial vectors normalization
and expand factor was reduced to 10. The quality of the model was tested on the RUSSE’2020 nouns
restricted dataset [25], and reached 0.30 MRR.

5.4. Evaluation

The proposed method and baselines were evaluated based on a vector model trained on a text corpus
of 8 million news texts. The vector model was trained using the PPMI SVD method, since preliminary
experiments on part of the data showed that this approach performs better than word2vec for this task.
Embeddings were trained with window=3 and min word count=50.

In this experiment, the following parameters of the superconcept selection algorithm were used (most
of parameters were selected using grid search and based on wordsim):

• The minimum number of relations for a concept to form a superconcept (=5),

• The minimum similarity between concepts to form an edge in the process of building a supercon-
cept clique (=0.4),

• The minimum similarity between words to form an edge between words in a superconcept to build
a graph and then calculate pagerank on it (=0.4),

• The minimum size of a clique in a superconcept (=3),

• The minimum size of a superconcept in words (=5),

• Number of words to calculate superconcept vector based on PageRank (=5),

• The minimum similarity between the superconcept and its already added hypernyms at which the
superconcept will be added to the final list (=0.3).

Parameters of the generalization algorithm:

• The minimum similarity between a pair of co-hyponyms to generalize to a hypernym (=0.4),

• The minimum depth of a superconcept that can serve as a generalization (=3).

Table 2 shows the results on described datasets. The results that are no worse than the initial model
are underlined, and the best values are bold. The results for all models, except for the original and the
proposed method, were obtained by averaging 5 runs.

The table shows that the proposed method is not inferior in quality to the init_model and has similar
results with model kmeans_hubs, but is more deterministic, since it lacks an element of randomness. In
addition, all the best results were achieved using a primary list of superconcepts in which representative
words were formed in the manner described in the work. Should also be noted that the methods of
concept vectorization using TaxoExpan performed worse in that case.
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Table 2. Selected superconcepts example

method simlex wordsim overall RUSSE wordsim overall

init_model 0.291 0.661 0.649

random_words 0.284 0.613 0.611

random_words_t5 0.288 0.615 0.623

kmeans_words 0.287 0.651 0.649

kmeans_words_t5 0.283 0.653 0.655

kmeans_synsets 0.271 0.648 0.630

kmeans_hubs 0.298 0.649 0.682

kmeans_synsets (taxoexpan) 0.278 0.632 0.627

kmeans_hubs (taxoexpan) 0.297 0.631 0.657

hub_vectors 0.303 0.643 0.671

Table 3. KMeans and MiniBatchKMeans

method RUSSE wordsim overall time (5 runs)

random_words_t5 0.615+−0.012 0s

kmeans_words_t5 0.655+−0.004 580s

mbkmeans_words_t5_64 0.642+−0.014 6s

mbkmeans_words_t5_128 0.634+−0.018 6s

mbkmeans_words_t5_512 0.612+−0.009 6s

mbkmeans_words_t5_1024 0.616+−0.011 9s

mbkmeans_words_t5_4096 0.612+−0.010 40s

5.5. Comparing KMeans and MiniBatchKMeans

We also compared the quality and performance of the kmeans_words_t5 baseline in terms of using
the implementation of the k-means algorithm from scikit-learn framework1). Evaluated using an AMD
Ryzen 7 5800X processor with 8 cores. We evaluated the performance of the algorithm with different
batch sizes (64, 128, 512, 1024, 4096), the remaining parameters were equivalent to the regular version
of the method.

As can be seen, the use of a faster implementation in this case ( 30 thousand vectors, 400 clusters,
10000 max iterations) significantly speeds up the algorithm, but the result itself is indistinguishable from
a random selection with large batch sizes and lower than non-batched implementation in case of 64-128
batch size. It is also important to note the significantly higher standard deviation.

6. CONCLUSIONS

This paper presents an approach to creating interpretable vector representations of words, in which
each component of the vector corresponds to some interpretable semantic category. To obtain such
categories, a lexico-semantic resource is used in the form of a semantic network of the Russian language
RuWordNet, as well as a representative corpus of Russian-language texts to train embeddings. The
method allows the selection of candidates for superconcepts taking into account the trained embeddings,
thus giving more attention to the domain of interest.

1)https://scikit-learn.org/
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The approach was evaluated on semantic similarity tasks. The results showed that the proposed
method is able to transform the initial word embeddings into interpretable ones without significant loss
of quality. Each coordinate of the resulting vector representations is interpretable, as it is associated with
a specific semantic category from the thesaurus.

Also, our method is applicable to already existing embeddings and does not require retraining of the
model.
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