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Abstract. In this paper we study three approaches for creating a Frame-
Net-like resource for Russian, which can be very useful for semantic anal-
ysis of Russian texts. These approaches include two methods of linking
the FrameNet frames with Russian words: via WordNet and via parallel
corpus. Also we study a method for connecting FrameNet and Russian
semantic resource FrameBank. We plan to use created bilingual resource
fir developing a new Russian semantic resource.
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1 Introduction

Semantic analysis aimed at constructing semantic representations of natural sen-
tences is important for developing natural language understanding systems. It
remains one of the most difficult tasks in natural language processing. Such an
analysis is based on special resources and corpora, such as FrameNet [1], Verb-
Net [2] or PropBank [3], which are mostly created for English.

One of the most known semantic resources models is the Charles Fillmore’s
FrameNet lexicon of frames [1] based on his Frame semantics model. The idea
of the Frame Semantics approach is as follows [4]: the senses of words can be
represented using situations, their relations and roles. For example, the situation
of “cooking” (see Fig. 1) in most cases can be described with the help of the
following participants and relations between them as: “the subject who cooks”
(the cook), “the object that is cooked” (food), “the source of heat for cooking”
(heat source) and “cooking container” (utensils). In this case, it is possible to
say that the cooking frame has been introduced, in which “cook”, “food”, “heat
source” and “containers” are elements of the frame. Frame elements, which are
“markers” of the frame, that is, they often signal the location of this frame
in the text (for example, “fry”, “cook”, “stew”, etc.) are called lexical units.
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Frames can be of different complexity, can have different numbers of elements
and lexical units. The main task in constructing semantic frames is to show how
the elements of the frame are related to each other.

Fig. 1. Apply heat frame from FrameNet.

FrameNet is a basis of numerous works on the first step of semantic analy-
sis called semantic role labeling [5–8]. However, such data are absent for most
languages, and development of FrameNet-like resources from scratch is a very
laborous process, requiring a lot of resources and time [9,10]. Therefore vari-
ous approaches for automatizing of framenet creation for other languages are
discussed [11–13].

In this paper we describe three approaches for creating a FrameNet-like
resource for Russian. These approaches include:

– the method of linking Russian words to FrameNet semantic frames via a
chain of semantic resources: FrameNet – English WordNet – Russian Word-
Net (RuWordNet) – Russian words and expressions;

– the method based on the transfer of semantic frames identified in English
sentences using a parallel Russian-English corpus. We train a model on the
FrameNet data, then apply it to the English part of a parallel Russian-English
corpus, at last we match English frame elements with Russian words in paral-
lel sentences. The resulting set of semantic frames in Russian is used to train
and evaluate the models for identifying semantic frames in Russian;
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– the method for connecting FrameNet and Russian semantic resource Frame-
Bank.

From the results of this linking, a new Russian semantic resource is planned to
be created.

2 Related Work

There is an interest of researchers in many countries to have a semantic resource
similar to FrameNet for their own languages. However, to create a FrameNet-like
resource from scratch is a very difficult, expensive, and time-consuming proce-
dure [9,10]. Therefore automated methods for generating a framenet for a specific
language are used. Such methods can be subdivided into two groups: cross-lingual
transfer, and generating frames in unsupervised manner from a large text collec-
tion [11,14,15]. Cross-lingual transfer can be made via linking FrameNet with
WordNet [16,17] or via parallel corpora [18]. Cross-lingual transfer of frames
based on a parallel corpus requires a preliminary extraction of frames in English
texts, which usually includes the following main steps [19,20]:

– recognition of lexical units, which can express frames, in a text. This stage
can be reduced to the task of binary classification for each word of the text;

– recognition of semantic frames. For each lexical unit, it is necessary to deter-
mine what frames are expressed by this unit. This task can be considered
as a problem of multiclass classification (with several labels) for each of the
selected lexical units at the previous stage. The classes in this case are the
semantic frames themselves, and several frames can correspond to one lexical
unit. The main difficulties at this stage are the possible ambiguity of a lexical
unit and/or its absence in the training set;

– recognition of the remaining elements of the frame such as roles. Most often,
this problem is solved using named entity extraction methods with the con-
dition that the set of roles strongly depends on the frame being processed. In
the current work, this stage is not studied.

The solutions for these three tasks can be very different. In the work of the
winners of the SemEval 2007 competition [20], to solve the problem of identifying
lexical units, morphological and syntactic rules were used. To define semantic
frames, classifiers were trained for each frame separately using support vector
machine (SVM) method, the features for which were both morphological and
syntactic characteristics of a lexical unit, and semantic information about it
from WordNet [21].

The widely used SEMAFOR algorithm [22] has become an improvement of
this algorithm. To recognize lexical units, an improved version of linguistic rules
is used. To identify a frame, a probabilistic model is trained on a similar feature
set. In [23], an approach based on recurrent neural networks is proposed for
both tasks: recognizing lexical units and recognizing semantic frames. In recent
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years, works have also appeared that solve this problem using transformers, for
example, BERT [24,25].

Another approach of creating FrameNet like resources is based on linking
between English semantic resources: FrameNet [1], VerbNet [2], PropBank [3]
and WordNet [26]. One of the latest integrating resources is the Predicate Matrix
project. The developers of this project applied a variety of automatic methods
to extend SemLink project coverage [27].

3 FrameNet Structure

FrameNet [1] consists of several components:

– the base of semantic frames, containing a description of each frame: its struc-
ture, roles and relations between frames;

– examples of sentences annotated with semantic, morphological and syntactic
information. These sentences are examples of the use of semantic frames in
natural language;

– lexical units linked to frames as well as links to examples of annotated sen-
tences.

At the moment, the FrameNet database contains more than 13000 lexical units,
of which 7000 are fully annotated with more than 1000 hierarchically related
semantic frames. The number of sentences annotated with semantic information
is about 200,000. The base exists in several versions and is in the public domain
for research purposes. Basic concepts from the terminology of the FrameNet
project are as follows:

– semantic frame is a semantic representation of an event, situation or relation-
ship, consisting of several elements, each of which has its own semantic role
in this frame;

– frame element is a type of participants (roles) in a given frame with certain
types of semantic links;

– lexical unit – a word with a fixed meaning that expressed a given frame or a
given frame element.

For example, in the sentence “Hoover Dam played a major role in preventing
Las Vegas from drying up.” The word “played” is a lexical unit that conveys
the presence in the text of the semantic frame “PERFORMERS AND ROLES”
with the frame elements “PERFORMER”, “ROLE” and “PERFORMANCE”
(who created, that created, what role the creator assumed in the creation). This
example also shows that in one sentence there can be several frames with varying
degrees of abstractness.

It is important to note that for the Russian language there is a FrameNet-
oriented resource FrameBank [28]. This is a publicly available dataset that com-
bines a lexicon of lexical constructions of the Russian language and a marked-up
corpus of their implementations in the texts of the national corpus of the Russian
language. The main part of FrameBank consists of 2200 frequent Russian verbs,
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for which the semantic constructions in which they are used are described, and
examples of their implementations in the text are collected. Each construction
is presented as a template, in which the morphological characteristics of the
participants in their role and semantic restrictions are fixed.

Despite the fact that the semantic constructs of FrameBank are similar to
frames from FrameNet, they are methodologically different. FrameNet frames
are built around generic events with specific participants and relations between
them. Frame-Bank constructs are built around the senses of specific words. It is
supposed that the senses of each lexeme (mainly verbs) in FrameBank form a
separate frame. Due to this methodological difference and the orientation of the
FrameBank resource towards verbs as a center of constructions, the full use of
this data set to solve the problem is impossible.

4 Linking Russian Words to FrameNet via WordNet

The Predicate Matrix Project provides links between several semantic resources
including FraneNet frames and WordNet synsets. Russian WordNet-like resource
RuWordNet has links from its units (synsets) to the WordNet’s synset, therefore
it is possible to link Russian words to the FrameNet frames.

4.1 RuWordNet and Its Links to WordNet

Russian wordnet RuWordNet currently contains 135 thousand Russian words
and expressions [29]. It is created from the existing Russian re-source for nat-
ural language processing RuThes [30] in accordance with principles of wordnet
development [20,26], which includes:

– representation of the lexical system of a language in a form of a semantic net
of units and relations between them;

– each units represents a set of synonyms, so called synset;
– each part of speech has their own semantic net; morphologically-related

synsets in semantic nets of different part of speech are connected with special
relations;

– main type of relations between synsets for nouns and verbs is hyponym-
hypernym relation, connecting more general and more specific synsets.

RuThes is a bilingual resource, its concepts are connected with English and
Russian lexical units, these data were used to provide initial linking of the
Ru-WordNet synsets, because RuWordNet synsets origin from specific RuThes
concepts. The following steps were used to connect RuWordNet and Princeton
WordNet synsets [31].

First, automatic linking was implemented, the results of which were checked
by linguists. The main problem in automatic linking is ambiguity of English
words: for linking with WordNet synsets ambiguity should be resolved. Synsets
were connected automatically via:
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– non-ambiguous English words and phrases;
– several possibly ambiguous English words from a concept, which have maxi-

mum connections with a single WordNet synsets;
– automatic extension of links to other parts of speech: if for example noun

synsets are matched, than derivational adjectives and verbs are also matched.

Second, five thousand core WordNet synsets were manually matched.
At the third stage, most frequent Russian words, with absent WordNet links

were additionally manually linked with corresponding WordNet synsets.
Currently, about 23.5 thousand links connect RuWordNet and WordNet

synsets. Small number of Russian synsets have more then one link to Word-
Net synsets. WordNet synsets are identified via so-called interlingual index (ili).
In the Web-version links go to the rdf version of WordNet (http://wordnet-rdf.
princeton.edu), where each synset has a separate page.

4.2 Results of Linking Russian Words to FrameNet
via PredicateMatrix and Wordnets

The Predicate Matrix is a lexical multilingual resource resulting from the integra-
tion of multiple sources of predicate information including FrameNet, VerbNet,
PropBank, WordNet and some other resources. The current version of the Predi-
cate Matrix includes verbal predicates for English, Spanish, Basque and Catalan,
as well as nominalizations for English and Spanish. Each row of this Predicate
Matrix represents the mapping of a role over the different resources and includes
all the aligned knowledge about its corresponding verb sense. Fragment of a line
from the Predicate Matrix for a English verb abduct looks as follows:

id:eng id:v id:abduct.01 ... wn:abduct%2:35:02 ... fn:Kidnapping fn:abduct....

where wn:abduct%2:35:02 is indication of the WordNet sense, fn: fn:Kidnapping
is a link to the FrameNet frame.

This gives possibility to attach Russian words to FrameNet via path RuWord-
Net synset - WordNet synset - Predicate Matrix - FrameNet frames. Table 1
contains examples of found connections.

One of the problems of this approach is unresolved ambiguity of WordNet-
FrameNet links in Predicate Matrix. For example, one synset of the word “boil”
(immerse or be immersed in a boiling liquid, often for cooking purposes) is linked
to three frames of FrameNet: fn:Absorb heat, fn:Apply heat, fn:Cause harm.
Also some links from RuWordNet lead to those RuWordNet synsets, which are
not connected to FrameNet.

5 Linking Russian Words to FrameNet via Parallel
Corpus

The method of linking Russian words to FrameNet via a parallel corpus is divided
into several parts, each of which solves a specific subtask:

http://wordnet-rdf.princeton.edu
http://wordnet-rdf.princeton.edu
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1. Training the model of recognizing lexical units and frames in English. At this
stage, based on the FrameNet knowledge base, a model is created that can
extract lexical units and semantic frames from any sentence in English. The
quality of the models is evaluated on the test part of the FrameNet dataset
and compared with the existing results.

2. Extracting lexical units and frames from the English part of the parallel
corpus using a trained model.

3. Transferring the obtained semantic information into Russian using word
matching through a pre-trained embedding model of the Russian language.
At this stage, for each lexical unit from an English sentence, its analogue is
searched for in a parallel Russian sentence. Transfer quality is evaluated on
a test sample, annotated manually.

4. Extracting lexical units for each semantic frame. A set of annotated sentences
in Russian is also formed for further recognition of semantic frames in Russian
texts.

Table 1. Examples of found connections.

Frame identifier Russian lexical units

fn:Make agreement on action vyrazit’ soglasie, soglashat’sya, iz”yavit’ soglasie,

soglasit’sya

fn:Verdict vynosit’ opravdatel’nyj prigovor, opravdyvat’

podsudimyj, opravdat’ obvinyaemyj, snyat’

obvinenie, opravdyvat’ obvinyaemyj, opravdyvat’

v sud, opravdyvat’, opravdat’ podsudimyj, sud

opravdat’, opravdat’ v sud, opravdat’, snimat’

obvinenie, priznat’ nevinovnyj, priznavat’

nevinovnyj; priznavat’ vinovnyj, prisudit’,

prisuzhdat’, osudit’, osudit’ na, osudit’ prestupnik,

osuzhdat’, osuzhdat’ na, osuzhdat’ prestupnik,

vynesti obvinenie, prigovarivat’, prigovarivat’ k,

prigovarivat’ prestupnik, prigovorit’, vynosit’

obvinenie, vynosit’ obvinitel’nyj prigovor,

prigovorit’ k, prigovorit’ prestupnik, priznat’

vinovnyj

fn:Cooking creation gotovit’, stryapat’, izgotovit’ eda, gotovit’sya,

sostryapat’, gotovit’ pishcha, gotovit’ eda, sgotovit’,

prigotavlivat’, prigotovlyat’, nagotovit’, prigotovit’

pishcha, prigotovit’ eda, prigotovit’ blyudo,

prigotovit’, nagotavlivat’, izgotovit’ pishcha

fn:Apply heat svarit’, povarit’sya, otvarit’, varit’, varit’sya,

svarit’sya, dovarivat’, otvarivat’, dovarit’,

navarivat’, navarit’, povarit’
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5.1 Training Models for Identification of Lexical Items and Frames
in English

As in most studies, two sequential models are trained. The first model predicts
potential lexical units that can express a semantic frame, and the second one,
based on the predictions of the first model, determines which frames should be
generated from the selected lexical units. Both models are trained and tested on
the manually annotated FrameNet corpus of sentences.

For training and testing, the annotated corpus FrameNet version 1.5 was
used. The entire corpus of annotated sentences contains 158399 example sen-
tences with labeled lexical units and frames. They are presented in 77 docu-
ments, 55 texts of which were randomly selected for model training and 23 texts
for testing. A modified CONLL09 format is used as a universal format for pre-
senting annotations, in which the following set of tags is attached to each word
of the sentence:

– ID – word number in the sentence;
– FORM – the form of a word in a sentence;
– LEMMA – word lemma;
– POS – part of speech for the given word;
– FEAT – list of morphological features;
– SENTID – sentence number;
– LU – lexical unit, if the word is it;
– FRAME – a semantic frame generated by a word if it is a lexical unit.

The task of predicting lexical units in a text is reduced to the task of binary
classification for each word in a sentence. In some cases, a lexical unit may not
be one word, but a phrase, but in this work, the most common variant with
one word as a lexical unit is investigated. To solve this problem, a bidirectional
recurrent neural network (BiLSTM) was used. Such models were actively used
in previous studies for identification of lexical units and frames [23].

A sentence is sent to the input of the neural network, each word in which is
represented by a vector representation of a word from a pretrained embedding
model. In addition to this classical representation of words, new features respon-
sible for semantic and morphological information were studied such as: part of
speech and the initial form of a word. These features are represented as a one-hot
vectors, which is fed to the input of fully connected layers of the neural network.
During training, the outputs of these fully connected layers can be considered
as vector representations of these features. These features can help the model to
memorize morphological and semantic schemes for constructing frames from the
FrameNet annotation.

All obtained feature vectors for a word are joined by concatenation into the
final vector representation, which is fed to the input of the neural network.
In the learning process, only vectors of tokens from the pretrained embedding
model are fixed, the rest of the vector representations are formed during training.
A sentence is sent to the input of the neural network, each word of which is
represented as a vector according to the algorithm described above. The network
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consists of several BiLSTM layers, to the output of which a fully connected layer
with the sigmoid activation function is applied for each word. As a result, at the
output of the network, each word of the sentence is matched with the probability
of a given word to be a lexical unit in a given sentence.

To optimize the parameters of the neural network, the logistic loss function
was used. The adaptive stochastic gradient descent Adam [32] was chosen as
an optimizer. To prevent overfitting of the neural network, the Dropout tech-
nique [33] was used, based on random switching off of neurons from the layers
of the neural network for greater generalization of the trained models.

5.2 Semantic Frame Identification

The purpose of the semantic frame identification model is to recognize frames
that correspond to lexical items in a sentence. Formally, this is a multi-class
classification problem with multiple labels, since the same lexical unit can corre-
spond to several semantic frames in a sentence. To solve this problem, a model
was used that is similar to the model of the selection of lexical units, but with
several changes. The main difference is adding information about whether a word
is a lexical unit using one-hot coding. If the word is not a lexical unit in a given
sentence, the lexical unit representation vector will consist entirely of zeros and
will not affect the prediction. It is important to note that the predictions of the
model are taken into account only for words that are lexical units in a given
sentence. The remaining components of the vector representation of a word are
similar to the model for extracting lexical units – a vector of tokens from a
pretrained embedding model and one-hot coding that encodes a part of speech.

5.3 Implementation and Results

The following hyperparameters were chosen for training the models:

– the Glove model trained on the English-language Wikipedia1 was chosen as
an embedding model. The vector dimension is 100;

– the size of the vectors encoding the lemma, lexical unit and part of speech is
100, 100, and 20, respectively;

– number of BiLSTM layers is 3, output dimension is 100;
– the number of training epochs is 40;
– the Dropout coefficient is 0.01.

The results of lexical unit identification obtained on the test sample are pre-
sented in Table 2. For comparison, the SEMAFOR algorithm was applied, which
determines the lexical units on the basis of linguistic rules. For this, an available
author’s implementation2 was used, trained on the same data as the tested mod-
els. It can be seen from the results that adding information about the word lemma
does not give a significant improvement, however, information about the part
1 https://nlp.stanford.edu/projects/glove/.
2 https://github.com/Noahs-ARK/semafor.

https://nlp.stanford.edu/projects/glove/
https://github.com/Noahs-ARK/semafor
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Table 2. Results for lexical units recognition in English.

Model for lexical units P R F1

SEMAFOR 74.92 66.79 70.62

BILSTM 74.13 66.11 69.89

BILSTMtoken 76.01 67.15 71.3

BILSTMtoken,lemma 76.12 67.98 71.8

BILSTMtoken,lemma,partofspeech 79.47 68.31 73.46

of speech allows obtaining quality that is superior to the classical SEMAFOR
model. To evaluate the results of the semantic frame model, the SEMAFOR algo-
rithm was also used, which identifies a frame based on the probabilistic model.
In addition, for comparison, the model of the SemEval 2007 [18] was recreated.
The obtained results are presented in Table 3.

Table 3. Results of model of semantic frame recognition for English.

Model P R F1

SVM 79.54 73.43 76.36

SEMAFOR 86.29 84.67 85.47

BILSTM 83.78 79.39 81.52

BILSTMlu 88.19 81.54 84.73

BILSTMlu,token 88.83 88.12 85.34

BILSTMlu,token,partofspeech 89.87 83.91 86.78

It can be seen that the trained model has a quality comparable to the perfor-
mance of the SEMAFOR model. In this way, models for identification of lexical
units and semantic frames in English were trained. At this stage, for any sentence
in English, a set of frames and corresponding lexical units are identified. To trans-
fer this information to the Russian part of the parallel corpus, it is necessary for
each lexical unit from the English sentence to find its analogue in Russian. Since
in this study only single-word lexical units are considered, the task is reduced to
the comparison of words between sentences in a parallel corpus.

5.4 Translation of Annotations from English into Russian
in a Parallel Corpus

For the study, we used the English-Russian parallel corpus3, gathered by Yan-
dex. It consists of 1 million pairs of sentences in Russian and English, aligned by
lines. The sentences were selected at random from parallel text data collected in
3 https://translate.yandex.ru/corpus.

https://translate.yandex.ru/corpus
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2011–2013. Like most parallel corpora, this resource is sentence-aligned, not word-
aligned, so word-level matching requires further refinement. A simple dictionary
translation of an English word into Russian does not provide the desired effect due
to the ambiguity of words and differences in structure of languages. Therefore, in
addition to direct translation of words, a matching algorithm was implemented
based on the similarity of words in an embedding model of the Russian language.

The FastText model in the Skipgram version trained on the Russian National
Corpus4 was chosen for word matching. Thus, the algorithm of matching between
languages consists of the following steps:

1. Translation of a lexical unit in English, for which we are looking for an ana-
logue in a parallel sentence in Russian. In this step, all possible translations
into Russian are collected using the Google Translate API5.

2. Further, between each obtained translation and each word of a parallel Rus-
sian sentence, the cosine similarity according to the embedding model is cal-
culated.

3. A word in the Russian sentence is considered as an analogue of the original
word in English if between the translation of an initial word and the Russian
word, the cosine similarity is higher than 0.9.

To evaluate the quality of word matching, the transfer of lexical units in 100
parallel sentences was manually assessed. Both precision (in how many sentences
the word was translated correctly) and recall (in how many sentences an analogue
of the word in English was found in general) were considered. A simple search for
a translation of a word in a parallel sentence was taken as the basic algorithm;
the comparison results can be seen in Table 4. It can be seen that the use of the
embedding model increases the recall of word matching with a slight decrease in
precision.

Table 4. Results of matching words between sentences in a parallel corpus.

Word translation search method P R

Direct translation matching 91% 72%

Distributive word matching 90% 87%

Thus, applying this algorithm to each pair of sentences in a parallel corpus, it
is possible to transfer the selected lexical units and the corresponding semantic
frames from English into Russian.

5.5 Characteristics and Evaluation of the Resulting Corpus

The sentences in Russian obtained after the transfer with annotated lexical units
and semantic frames form a dataset similar to a of the FrameNet knowledge base.
4 https://rusvectores.org/ru/models/.
5 https://cloud.google.com/translate/docs/.

https://rusvectores.org/ru/models/
https://cloud.google.com/translate/docs/
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In it, for each of the 755 frames, lexical units with frequency of use in the
context of the frame are presented. This frequency can be interpreted as a cer-
tain “reliability” of the lexical unit belonging to the frame. A total of million
lexical units were analysed out of 1 million sentences. They belong to 755 seman-
tic frames from the FrameNet project. In total, 18150 lexical units have been
identified, including 6894 unique words.

Table 5 shows an example of the obtained semantic frames and lexical units
as-signed to it. Each column refers to a frame, the first line contains its name
from the original FrameNet knowledge base, and the second contains lexical units
assigned to it in Russian with the frequency of use.

Table 5. Examples of linking Russian lexical units to the FrameNet frames.

Fear Labeling Reason

strah : 1042 termin : 1045 prichina : 3287

boyat’sya : 552 ponyatie : 139 osnova : 755

boyazn’ : 42 etiketka : 119 osnovanie : 533

opasat’sya : 40 yarlyk : 78 motivaciya : 247

uzhas : 28 terminologiya : 24 povod : 118

strashit’sya : 3 marka : 11 motiv : 110

strashno : 3 brend : 9 poetomu : 2

ispug : 1 klejmo : 2 imenno : 1

The resulting dataset can be used as a separate semantic resource for various
natural language processing tasks. In addition, annotated Russian sentences are
also valuable. They make it possible to conduct experiments on the selection of
lexical units and semantic frames using supervised machine learning methods.

5.6 Training and Testing Model for Identification of Lexical Units
and Frames in Russian

The resulting set of annotated sentences in Russian was used to train models
for the selection of lexical units and semantic frames in Russian, similar to the
already trained models in English. Out of 970 thousand sentences, 90% were
used for training models, the rest were used for testing.

The architecture and method of constructing the vector representation of
words are similar to the models for the English language, with the exception of
the embedding model – instead of Glove, the FastText model of the Skipgram
architecture was used, trained on the National corpus of the Russian language6.
The vector dimension is 300. The results of the obtained models are presented
in Tables 6 and Table 7.

6 https://rusvectores.org/ru/models/.

https://rusvectores.org/ru/models/
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Table 6. Results of the Russian lexical unit identification model.

Lexical Identification Model P R F1

BILSTM 71.67 59.14 64.80

BILSTMtoken 76.09 61.04 67.73

BILSTMtoken,lemma 77.65 61.33 68.53

BILSTMtoken,lemma,partofspeech 78.44 61.72 69.08

Table 7. Results of the model for identifying semantic frames for the Russian language.

Semantic Frame Identification Model P R F1

SVM 80.28 72.43 76.15

BILSTM 84.10 76.99 80.38

BILSTMlu 86.54 78.04 82.07

BILSTMlu,token 87.01 78.20 82.40

BILSTMlu,token,partofspeech 90.83 83.91 84.66

The obtained results for Russian are lower than the results of similar mod-
els in English. This can be explained by the fact that during the automatic
transfer, there is a loss of data and the introduction of noise at each stage -
both when using the models for extracting semantic information in English, and
when directly transferring the resulting annotation. In addition, some frames
and lexical units can be rarely represented in a parallel corpus, which leads to a
low quality of their prediction.

Thus, the results show that the obtained dataset for the Russian language
can be used to develop methods for extracting semantic frames and use it for
other natural language processing tasks.

6 Linking FrameNet and Russian FrameBank

6.1 FrameBank Structure

FrameBank is a bank of annotated samples from the Russian National Corpus.
The main task of FrameBank is to identify frame elements in texts, namely to
identify participants in situations indicated by predicates (verbs, nouns, adjec-
tives, etc.), and to mark the way they are expressed, regardless of whether the
units denoting participants are related syntactically or not.

FrameBank presents information:

– about the lexical constructions and the system of frames in Russian;
– about the semantic-syntactic interface in a more general sense;
– about the ambiguity of predicate tokens and how the system of meanings is

related to the constructive potential of tokens.
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The bank of lexical structures includes:

– construction patterns of verbs and predicatives;
– morphosyntactic patterns of predicate nouns (include not only control, but

also attributive and other syntactic relations);
– morphosyntactic patterns of adjectives, adverbs, introductory phrases, vari-

ous adjuncts;
– small syntax constructions (phrasemes, idiomatic constructions).

The basic units of FrameBank are individual verb constructions, not gener-
alized frames. The vocabulary of lexical constructions represents each con-
struction as a template, which specifies:

a) morphosyntactic characteristics of structural elements;
b) the syntactic rank of the participant;
c) role of the participant;
d) lexical and semantic restrictions of structural elements;
e) participant status (mandatory or optional);
f) a letter marking the participant in a short pattern, for instance “Y is
brought from Z to W”.

For example, Pattern: <Snom V na.PR+ Sloc>, Pjatno vystupilo na platje
(ru) ‘A stain appeared on the dress’.

6.2 Methods for Linking FrameNet and FrameBank

The purpose of linking is to establish a semantic correspondence between the
predicate of a construction from FB and the semantic frame from FN. The
predicate of the FB construction is expressed most often by a verb. Thus, the
construction from FB and the frame from FN will be express general semantic
meaning.

The data linking of these resources is carried out according to the following
algorithm:

1. Corpus of examples of the selected construction from FB is being extracted.
2. The predicate of the construction is translated into English and a set of lexical

units (FUs) for FN is formed.
3. Then, for each lexical unit (FU), one need to find a frame from FN that

contains this lexical unit. In this way, a set of frame-candidates is formed.
4. For each frame-candidate from FN, a corpus of examples is extracted includ-

ing the translated lexical unit.
5. For each example from the constructed corpora from FB and FN, one is

constructed vector embedding using the word2vec model, and then vectors
embeddings of the each corpus.

6. The vectors embeddings of the construction from FB and the frame from FN
are compared in pairs using the cosine metric, and the frame with the largest
cosine value is selected as a result.
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To implement this algorithm, a software module was developed and the experi-
ments on linking the resources were carried out. Fragments of the results obtained
are shown in Table 8.

To check the quality of the program, manual testing was carried out, in which
the corresponding semantic frames were found on a set of 200 constructions from
FB. The accuracy of establishing correct links by this algorithm is 88%, which
is a fairly good result.

Table 8. Linking constructions and frames.

Construction Translated Frame from FN The result of comparing

from FB lexical unit the vectors embeddings

(the frame with the maximum

value on the cosine measure

is highlighted)

ostat’sya 1.x stay Avoiding 0.3038

Temporary stay 0.6899

Residence 0.1057

State continue 0.5133

pisat’ 1.x write Text creation 0.7724

Contacting 0.5586

Statement 0.6551

Spelling and pronouncing 0.6979

People by vocation 0.5444

vyrazit’ 1.x express Encoding 0.7236

Expressing publicly 0.8019

Sending 0.5979

Facial expression 0.6978

Roadways 0.4696

vorovat’ 1.x theft Self motion 0.5870

Theft 0.7041

7 Conclusion

The FrameNet lexicon created for the English language is on of well-known
lexical resources intended for semantic analysis. To create such a resource for
other languages is very time-consuming and extensive procedure. In this paper
we study three approaches for creating a FrameNet-like resource for Russian.
These approaches include:

– the method of linking Russian words to FrameNet semantic frames via a
chain of semantic resources: FrameNet – English WordNet – Russian Word-
Net (RuWordNet) – Russian words and expressions;
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– the method based on the transfer of semantic frames identified in English
sentences using a parallel Russian-English corpus. We train a model on the
FrameNet data, then apply it to the English part of a parallel Russian-English
corpus, at last we match English frame elements with Russian words in paral-
lel sentences. The resulting set of semantic frames in Russian is used to train
and evaluate the models for identifying semantic frames in Russian;

– the method for connecting FrameNet and Russian semantic resource Frame-
Bank.

From the results of this linking, a new Russian semantic resource is planned to
be created.
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