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13 FNarofbHbIX AePUHAULIAI

Ha OCHOBE CUHTAKCMYECKOro aHan3a

M BEKTOPHOrO NpeACcTaBeHra Cnos

ViccnepoBaHne MOCBALLEHO pa3paboTke ABYX METOL4OB aBTOMATU3VPOBAaHHO-
rO BbIABMEHNA TUMNO-TUNEPOHNMUYECKUX FNAroibHbIX Map M3 ClI0BapHbIX AedUHM-
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1. Introduction

Studying and determining semantic relations has a special role
in contemporary computational linguistics. The main domain of the application
of semantic relations extraction is lexicography resources construction (e.g.
electronic dictionaries and thesauri). Besides, different semantic relations
are used in natural language processing and language teaching resources.

The number of semantic relations is large and the number of semantic
units in a language is tremendous. This means that it is almost impossible
to establish all links manually; this task requires some other solutions, including
automated methods of semantic relations extraction. So, the following
research is devoted to the problem of the elaboration of such a method for
automated extraction of Russian hyper-hyponymic verbal pairs.

One of the problems is that there are no unified precise criteria of hyponymy
(in particular troponymy); its definition is very subjective and depends
on individual comprehension and linguistic experience.

Elena Kotsova describes the hypernym and hyponym as:

1. Hypernym

a. Is more frequent in a natural language;

b. Allows more active synonymic substitution of species words
in speech;

c. Can be in a role of hypernym in different grades and levels
of a genus-species hierarchy;

d. Is simpler in morphemic structure, has no nominal motivation;

e. Cannot be a word with an utterly broad meaning.

2. Hyponym

a. Has more specific meaning and can be divided into semantic
features; usually it is a monosemantic word,

b. Has a seme, which is important for hyponymic links;

c. Is less frequent, especially for specific words with professional
meaning;

d. More rarely can substitute a word with genus meaning, only in its
syntagmatic field;

e. Has two-seme prototypic semantic structure (hyperseme +
hyposeme);

f. Is in equivalent relations with other hyponyms of this hyponymic
group;

g. Usually has more complex morphemic structure [Kotsova, 2010,
p. 25-27].

The authors of Princeton WordNet formulate the idea of hyponymy
among verbs as following: “...the many different kinds of elaborations that
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distinguish a ’verb hyponym’ from its superordinate have been merged into
a manner relation that [Fellbaum, Miller, 1990] have dubbed troponymy
(from the Greek fropos, manner or fashion). The troponymy relation between
two verbs can be expressed by the formula 7o V1 is to V2 in some particular
manner” [Fellbaum, 1993, p. 47].

For example, the verbs nrecmuce, 6pecmu, mawumscsa ‘to trail, to plod,
to trudge’ are synonyms as they express the same notion and contain the same
quantity of information. They are also interchangeable in a context. And
the verb uomu ‘to go’ is their hypernym as it has a broader meaning. It also
matches all hypernym criteria described above and fits in the formula: to trail/
plod/trudge is to go in some particular manner.

The relevance of our research is determined by the lack of studies dedicated
to automated extraction of relations of verbs. As it is shown in the Related
Work section, the majority of research is focused on nouns. At the same time
the methods applied to nouns in most cases do not work well with verbs.
The elaborated method could facilitate many theoretical and applied issues
in linguistics, in particular, automated filling of lexical resources.

2. Related Work

Numerous studies on semantic relations extraction have been published
since the pioneering work of [Hearst, 1992]. The methods applied to the task
vary greatly: lexico-syntactic patterns [Hearst, 1992, 1998], automatic
translation from a different language [Pianta et al., 2002], extraction from
knowledge databases [Zesch et al., 2008; Panchenko et al., 2012], conversion
from a linguistic ontology [Loukachevitch et al., 2016], crowdsourcing
[Braslavski et al., 2016], extraction grammars [Gongalo et al. 2009, 2010],
morpho-syntactic rules [Rubashkin et al., 2010] and different combinations
of the aforementioned methods with machine-learning techniques such
as clustering and word embeddings [Kiselev, 2016; Alekseevsky, 2018;
Karyaeva et al., 2018].

Despite such abundance of research, studies on verbs are not easily
found as long as most works are focused on nouns. Unlike the others’ work
[Gongalo et al., 2010], which extracted different types of relations for four
open grammatical categories (nouns, verbs, adjectives, adverbs). They
obtained 58,362 pairs of synonyms for nouns and 30,180 pairs for verbs;
122,478 noun hypernyms and no verb hypernyms at all. These results and
our ongoing research allow one to suggest that verbal hyponymy extraction
demands some special research as long as methods developed for nouns do
not go well with verbs.

The authors of [Goncharova, Cardenas, 2013] designed a method
of extraction of hypo-hypernymic hierarchy of verbs from domain-specific
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corpora. This method is based on the cognitive theory of terminology
[Benitez et al., 2005]. The method is developed further in [Cardenas,
Ramisch, 2019]. Firstly, authors automatically extracted noun-verb-noun
triples from specialized corpora of environmental science texts in English
and Spanish. Secondly, they manually annotated each triple with the lexical
domain of the verbs and the semantic class and role of the noun. And lastly,
they manually inferred the hypo-hypernymic hierarchy of the extracted verbs
according to their syntactic potential: the more types of semantic subclasses
of nouns a verb accept, the higher its position in the hierarchy. The method
is very different from all the aforementioned ones because it focuses
on domain-specific terminology and demands much more human effort.
Therefore, despite being a useful tool for the creation of domain-specific
ontologies, this method is hardly applicable to common language.

To the best of our knowledge there is no other research on hypernyms
extraction for Russian verbs. Our research started from lexico-syntactic patterns
[Hearst, 1992, 1998], or specific linguistic expressions or constructions which
usually include both hyponym and hypernym in a context. For example,
<hyponym> and other <hypernym>; <hypernym> such as <hyponym>
and so on. Firstly, there was an attempt to find some typical lexico-syntactic
patterns in corpus data, but it turned out to be inefficient for verbs. Even
though hypernyms and hyponyms can both be found in the nearest context,
we have failed to discover any regular patterns in corpus data.

We manually analysed more than 400 contexts for 100 hyper-hyponymic
pairs and realised that these pairs fulfil the hyponymy function very rarely, no
more than 5-6 examples among our set of contexts. For example, the sentence
K momy orce xomenocw cyuums Hocamu, 6epmemuscs, 6000uie — 08U2AMBCA,
XOMsA HeCKOIbKO MUHYIM HA3A0 OH Meumai Mmoabko o0 oOnom — jaeus ‘In
addition, he wanted to curl his toes, to spin, generally — to move, although
a few minutes ago he dreamed of only one thing — to lie down’ includes
a hyper-hyponymic pair gepmemuocs/osucamocs ‘to spin / to move’, but there
is no regular pattern that can be applied to other texts to find other hyper-
hyponymic pairs. Also it turned out that hyper-hyponymic pairs more often
play a role of contextual synonyms in texts [Ogorodnikova, 2017].

Secondly, we have tried to process dictionary data and find some lexico-
syntactic patterns there as long as they commonly contain both hyponym
and hypernym in one entry. Frequent and universal lexico-syntactic patterns
are easily detected for nouns: <hyponym> — pod/eud/paznosuonocmy/...
‘class, sort, kind’ <hypernym>. We have also failed to detect any similarly
universal lexico-syntactic patterns for verbs. Nonetheless, it was noticed that
in most cases a hypernym in a definition is accompanied with a repeating
specifying word. We have called such words “lexical markers”. Unfortunately,
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the lexical markers drastically differ for different semantic groups of verbs.
For example, such lexical markers as sgepx/énuz ‘up/down’ are typical for
verbs of movement and useless for verbs of speech. Those verbs are usually
defined by such markers as epomko / muxo, neguamno, ompwisucmo ‘loudly /
quietly, incomprehensibly, abruptly’. We have manually created a list of such
markers for verbs of movement, automatically extracted hyper-hyponymic
pairs from six dictionaries and manually evaluated them [Antropova,
Ogorodnikova, 2019].

The method based on this idea showed a moderate precision of 0,61,
but the coverage of the method depends on the list of markers, which has
to be created separately for every semantic group. Manual creation of such
lists is time-consuming and the task of automated creation does not seem
to be much easier than the task of hyponym extraction itself.

3. Data

The study is mainly based on the material of dictionary definitions for
verbs which were taken from seven Russian dictionaries:

1. Babenko L.G.: The Dictionary of Synonyms of the Russian Language,
2011;

2. Babenko L.G.: The Explanatory Dictionary of Russian Verbs, 1999;

3. Efremova T.F.: The New Dictionary of Russian Language. Explanatory-
derivational, 2000;

4. Evgenyeva A.P.: The Small Academic Dictionary: in 4 v. The 4th ed.,
1999;

5. Kuznetsov S.A.: The Big Explanatory Dictionary of the Russian
Language, 2000;

6. Ushakov D.N.: The Explanatory Dictionary of the Russian Language:
in4v., 1935-1940;

7. Linguistic Ontology Thesaurus RuThes.

These dictionaries are available in electronic form, so they can be easily
processed. Besides, they are well-known to Russian linguistics and present
the fullest vocabulary.

To check the effectiveness of the proposed methods we used one
hundred Russian verbs. This number of test units allows the estimation
of the methods and it is possible to analyze all achieved results manually.
The verbs were extracted from The Explanatory Dictionary of Russian Verbs
because it contains a detailed semantic classification of verbs, and it allows
the consideration of the difference between semantic groups as it can
influence the result of our analysis. The verbs from different groups were
taken proportionally according to rates in the dictionary. We then tested our
methods on these verbs’ definitions taken from all seven dictionaries.

JIMHrBUCTUKA

AN
(9]



ISSN 2500-2953 Rhema. Pema. 2020. Ne 2

JIMHrBUCTUKA

N
(o)

4, Methods

4.1. Syntactic analysis of definitions

The creation of the method is possible because of traditional definition
construction. According to [Komarova, 1990] and [Shelov, 2003] there
are some typical classes of definitions. So, the main difference, which
is significant for the purpose of the research, is that definitions can be extended
or unextended. Extended definitions are usually based on hyponymy, mero-
nymy, or contextual explanations (peams — pesxkum Odgudicenuem pazoensimo
na yacmu ‘to rip — to divide into parts with an abrupt movement”). Unextended
definitions contain synonyms of an entry word or its derivatives referring
to another entry (srcyrbnuvams — naymosamo, mowenHuyams ‘to cheat —
to palter, to swindle’; defining perfective referring to its imperfective pair).

The most common type of semantic relations in verbal extended definitions
is hyponymy. This speculation allows us to elaborate a method of automated
verbal hyper-hyponymic pairs extraction.

So, a hypernym is usually expressed as an infinitive with dependent
words. However, this rule still results in the extraction of some noise,
as far as an infinitive can be used in different extending constructions.
We suggested that it is possible to get rid of some noise by adding a rule that
a target infinitive should be the root of syntax tree of the definition.

In order to implement these methods, we decided to use the UDPipe!
pre-trained model to obtain syntax trees for the definitions. UDPipe offers
3 models for the Russian language. We chose the Russian model trained
on SynTagRus because it provides better quality according to its authors’
estimations.” On the basis of the model we created two methods of hypernyms
extraction from dictionary definitions:

1. “InfsWithDependants™. It extracts all the infinitives having dependent
words in a given definition.

2. “RootInfWithDependants”. It extracts the infinitive having dependent
words in a given definition only if it is the root of the syntax tree.

So, the definition cmyuamos — yoapsime (yoapumv) 6 06epb, 0OKHO KOpOm-
KUM, OMPBIGUCTIBIM 36VKOM, GbIPAJICAsL SMUM NPOCbOY 6RYCHUMb KO20-1.,
Kkyoa-n1. ‘to knock — to hit a door, a window with short, choppy sounds
wishing to let somebody in’ can be processed differently. The second method
allows the discover of only one infinitive yoapamuw ‘to hit’, which is the true
hypernym for cmyuams ‘to knock’, while the first one extracts two verbs yoa-
pamb, enycmumys ‘to hit, to let in’, and enycmums ‘to let in’ is an example
of the noise.

"' URL: http://ufal. mff.cuni.cz/udpipe
2 URL: http://ufal.mff.cuni.cz/udpipe/models
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4.2. Post-processing with word embeddings

As it is shown in Table 1, “InfsWithDependants” proved to find almost
twice as many correct hypernyms as “RootInfWithDependants”, whereas
the second method delivers considerably higher precision. Thus, we devised
an idea how to improve “InfsWithDependants” results by post-processing
it with word embeddings.

A word embedding is a mathematical model of a language. It is based
on the idea that similar words tend to appear in similar contexts. A word
embedding is a trained neural network which transforms words into vectors
(or points®) in some N-dimensional semantic space: if the words appear
in similar contexts, the points are close to each other in the space. Figure 1
shows an example of such a representation. For the current research
it is important that word embeddings also allow the calculation of a similarity
measure of given words, namely the cosine similarity, which scales from 0
(least similar) to 1 (most similar). For example, according to the embedding
from Figure 1, cosine similarity of verbs ezsoems ‘to gaze’ and cmompems
‘to look’ is 0.836, ans0ems and oerams ‘to do” — 0.310, erzdems and obna-
damsb ‘to possess’ — 0.144. Models differ from each other by the following
parameters: corpora used for the model training; part of speech (POS)
tags used to distinguish homonymic parts of speech (e.g., if “go” is a verb
or a noun); the size of the sliding window — the number of neighbourhood
words taken into account; and a number of other technical parameters such
as the learning algorithm or dimensionality. See [Kutuzov, Kuzmenko, 2017]
for details.

We employed pre-trained embeddings from RusVectorés project.* The idea
of the method is to drop the extracted candidate verb if its similarity with
the defined verb is lower than a threshold.

We took “InfsWithDependants” results for the hundred verbs as a starting
point and randomly divided them into test (30) and development (70) sets.
Then, for each available RusVectorés model we did the following. First,
we cleaned the development set from verbs absent in a model. Second,
we performed 7-fold cross-validation on the development set in order to get
a better estimation of a model and find the best threshold for it. After that,
we compared all the models by their mean performance on cross-validation
and chose the best and applied it to the test set.

3 Actually, the neural network output is N numbers — a set of coordinates in N-dimensional
semantic space. This numbers can be visually represented either as a vector, beginning
in the origin of coordinates and ending in the given set of coordinates, or simply as a point with
the given set of coordinates.

4 URL: http://rusvectores.org/ru/models
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RusVectorés nmoxoxuecnosa Busyanusaumm Kanbkynatop

HKPA 1 Wikipedia

Busyanusuposame 8 TensorFlow Projector

.0bnagatb . VERB
.pabotatb
. UMETb
. YMeTb
.henatb
. Moub
, C/IbllaTh « BUAETL
rnageTb
. CMOTpPETb
. rnasetb

Fig. 1. A visualization of word embeddings

The embeddings are created by a RusVectorés model trained on Russian National
Corpus and Wikipedia. Represented verbs: denams “to do’, pabomams 'to work,
umems 'to have’, 061adame 'to possess’, Moy ‘to be able to', ymems ‘can’, enadems
‘to gaze', sudems 'to see’, cmompems to look’, 2nazems ‘to stare’, cisituams ‘to hear’

5. Results and Discussion

“InfsWithDependants™ and “RootInfWithDependants” were applied to all
the definitions of the hundred verbs. The derived hypernyms were then
manually marked for correctness. The evaluation results are summarized
in Table 1. Obviously, “RootInfWithDependants” cannot extract more
true hypernyms than “InfsWithDependants”, as long as it simply adds one
more filtering condition. Calculating actual recall is not possible because
only the extracted infinitives were marked. Nonetheless, we can get some
notion about the recall drop judging by the drop of the true positive rate.
“InfsWithDependants™ allows the extraction of almost twice as many true
hypernyms as “RootInfWithDependants”, but it demonstrates a significantly
lower precision.
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Table 1
“InfsWithDependants” and “RootInfWithDependants” results
for the hundred of verbs

Method name True Positive Rate Precision
InfsWithDependants 1.000 0.466
RootInfWithDependants 0.595 0.571

Let us consider some typical mistakes arising during the syntax analysis
of the definitions. For example, for the definition sepmemuoca — cosepuiame
Kpyeosbie 08UdCEHUs;, 8pawamvcs, Kpymumoscsa ‘to revolve — to carry out
circular motions; to rotate, to spin’ it marks kpymumasca ‘to spin’ as dependent
from epawamsca ‘to rotate’, whereas they actually are homogeneous and both
have no dependent words, which is typical for synonyms in definitions and
facilitates distinguishing them from hypernyms. Second, a common problem
may be illustrated by the definition doxodume — nowmumas u ocosuasas
umo-1ubo, pazdoupamuvcalpazodopamecs 8 uem-auoo (8 KaKoM-1ubo ClOHCHOM
sonpoce, sanymanHom oeie M T.11.) ‘to see the light — to figure something out
understanding or realizing it (about challenging issue, complicated problem
etc.)’. Here the model mistakenly marks the first verb of verbal adverbial
construction as a root while it should have been the homogeneous verbs pa3s-
oupamscal/pazobpamosca ‘to figure out’. Such mistakes might be avoided
by customising the syntax model for our task. In further research this issue
will be addressed.

The following example illustrates drawbacks of our methods. 3aedams —
noogepeas umo-i. (00bIYHO KaKUe-. MexaHu3mvl) OmpuyameibHomy 6030eli-
CMBUIO, 3AXACUMAMb/3AICAMb , 3AUEMIAMb/3aWeMUms, 3ayenisams/3ayenums
KAKyI0-1. 0emaib, Npenamcmeys OGUICEHUIO, HOPMATbHOMY OYHKYUOHU-
posanuio ‘to jam — exposing negatively (usually some devices), to press,
to squeeze, to hook a detail, so that movement or action is prevented’.
Even if the syntax tree for this definition was perfect, our method does not
allow the delineation of hypernyms from synonyms in case the latter have
dependent words. The application of our method is also limited to extracting
one-verb hypernyms only. Finding the exact boundaries of a multi-word
hypernym is much more difficult. A frequent case of multi-word hypernym
is the verb cosepuwams ‘to carry out’ which can collocate with different
specifying supplements. For instance, the definition to the verb gepmemubca
‘to revolve’ starts with an expression coseputams Ogudicenus ‘to carry out
motions’ in many dictionaries.
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As mentioned earlier, we decided to post-process the results
of “InfsWithDependants” in order to improve its precision. Performance
of every available RusVectorés model in “InfsWithDependants” on cross-
validation is shown in Table 2. It was possible to calculate recall for this
case, because here we processed only the extracted hypernyms, which had
been manually marked for correctness, so we knew exactly how many true
hypernyms the set contained.

Table 2
Average quality measures on cross-validation
for RusVectores models
Model parameters
N . Precision | Recall F-score
Corpora POS tags W“.ldow
S1ze

1 | Ruscorpora Universal tags 20 0.5171 | 0.6835 | 0.5813
2 | Russian Universal tags 2 0.4851 0.798 0.5943

Wikipedia and

Ruscorpora
3 | Tayga Universal tags 2 0.5201 0.7295 | 0.6011
4 | Tayga None 10 0.5005 | 0.5889 | 0.5338
5 | Russian news | Universal tags 5 0.4796 | 0.8957 | 0.6221
6 | Araneum None 5 0.5215 0.436 0.4728

The models can be downloaded from http://rusvectores.org/models/. Model filenames:
1 - ruscorpora_upos_cbow_300_20_2019;

2 - ruwikiruscorpora_upos_skipgram_300_2_2019;

3 - tayga_upos_skipgram_300_2_2019;

4 - tayga_none_fasttextcbow_300_10_2019;

5 — news_upos_skipgram_300_5_2019;

6 — araneum_none_fasttextcbow_300_5_ 2018

When fitting the thresholds and choosing the best model we decided to rely
on precision rather than F-score because precision for this task does not grow
with the increase of the threshold. A typical graph for precision, recall and
F-score resembles Figure 1. This shows that precision grows up only to some
threshold, but then it decreases. It happens because the word embeddings that
we used does not distinguish different meanings of words, thus combining
all the meanings of a word into a single average vector. Therefore, if at least
one word of a hyper-hyponymic pair is used not in its most frequent meaning,
their similarity might be rather low.
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Also, Figure 2 demonstrates that recall changes in a much wider span, thus

having greater impact on F-score.

10F

"""""""" = Precision

N Recall
~, =—— F-score
08 .,
0,6
04
02F
00F
! ! ! !
0,0 0,2 04 0,6 0,8
Thresholds

Fig. 2. A typical dependency of precision, recall and F-score from threshold

We chose the third model (Tayga, Universal tags, Window Size = 2)
from all the models presented in Table 2 because even though the sixth
model (Araneum, No tags, Window Size = 5) has slightly higher precision,
the first one has significantly higher recall. We applied the chosen model
with the threshold found during cross-validation to the test set and
compared it with the corresponding parts of “InfsWithDependants” and
“RootInfWithDependants” results (see Table 3). In that way we managed
to obtain the results with a higher true positive rate and precision than those
of the “RootInfWithDependants” method.

Table 3
Final results for the test set
Method name True Positive Rate Precision
InfsWithDependants 1.000 0.401
Post-processed Infs WithDependants 0.832 0.517
RootInfWithDependants 0.740 0.504

JIMHrBUCTUKA

~
—



ISSN 2500-2953 Rhema. Pema. 2020. Ne 2

JIMHrBUCTUKA

~J
\®]

Conclusion

A preliminary linguistic reflection allowed us to conclude that for verb
hyponymy extraction, it is worth using dictionary definitions. In this kind
of linguistic source, verbal hyper- and hyponyms occur together more
frequently than in others (e.g. corpus data).

Our previous study also allowed us to conclude that lexico-syntactic
patterns, widely used for the extraction of hyper-hyponymic pairs of nouns,
do not fit for verbs because we were unable to find any verbal lexico-syntactic
patterns neither in corpora nor in dictionary definitions. Therefore, some
methods of extraction should be developed specifically for verbs.

The study shows that syntactic analysis of definitions is a good starting
point for hyper-hyponymic verbal pairs extraction. We developed two
methods based on syntactic analysis of definitions and applied them to seven
Russian dictionaries. The first method extracted all infinitives that have
dependants. The second method also demanded an extracted infinitive
to be the root of the syntax tree. The use of pre-trained word embeddings from
RusVectores project improved precision of the first syntax-based method
without a crucial drop in the number of extracted true hypernyms, which
allowed outperformance of the second syntax-based method in both precision
and number of extracted true hypernyms.

Nonetheless, analysis of mistakes showed that the syntax model should
be customised for our task to improve the results of the developed method.
We will address these issues in future research.
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