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Abstract
Named Entity-Recognition (NER) and Relation Extraction (RE) are one of the most
demanded by business tasks of natural language processing, the basis for many solutions.
Today there are many researches devoted to solving this problem on academic corpora of
texts, which are often far from the typical business setting. The aim of the work is to compare
the NER and RE methods in texts in Russian using a close to reality task.
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1. Introduction
Named Entity-Recognition (NER) is a task of highlighting words or phrases in the
text that indicate an object or phenomenon of a certain category, for example, names of
organizations, names of people, etc. Selected entities often have semantic relationships (for
example, “demand has grown”) — the detection of such relationships is the task of extracting
relationships between them (Relation Extraction, RE).
Being intuitive to people these tasks have been beyond the power of automated
systems for long. For years, the best solutions were based on a set of rules made by hand or in
automatic way [1]. The using of recurrent neural networks (Lample et al., Ma & Hovy) [19,
20] and models based on vector representations of words like «word2vec» [2] and «GloVe»
[3] was a significant breakthrough. However, a quantum leap in this area occurred only with
the advent of language models based on deep neural networks with the attention mechanism
[4].
For the Russian language, the task of solving this problem is significantly complicated
by the small number of prepared text corpora. Moreover, the existing data corpora are quite
far from a typical business setting for the following reasons:
● Firstly, relationships are highlighted in the text very tightly. On the contrary, in
business tasks there are often only 1-2 occurrences of relations in sufficiently
voluminous texts.
● Secondly, in standard corpora relations of domestic and daily nature are determined
(employee-company relationship, owner-property relationship, family relations, facts
of birth and death, etc.), whereas in business tasks it is usually required to single out
relations that have a specific nature related to the subject area.
The aim of this work is to analyze the application of various methods of NER and RE
to Russian texts in a conditions close to practice. The corpus of reports of the Ministry of
Economic Development of the Russian Federation with a volume of about 280 million tokens
was used for this [5].

2. Related Work
The starting point for the study of the problem of NER in Russian texts is the research
of Rinat Gareev et al., “Introducing Baselines for Russian Named Entity Recognition 2013”
[6], where the authors present a standardized dataset for training of NER algorithms and
describe several basic approaches that have become starting point for further researches.
In 2016, the participants of FactRuEval-2016 [14] competition, devoted to the NER
task, proposed many solutions to this problem. For example, Sysoev A. A. and Andrianov I.
A. had proposed an approach based on word2vec language model [2].
At the beginning of 2019 the research named “A Deep Neural Network Model for the
Task of Named Entity Recognition” by The Anh Le and Mikhail S. Burtsev was published. In
this research authors describe an approach based on CharCNN-BLSTM-CRF, which showed
notable results [7].
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During BSNLP-2019 [13] significant progress was achieved by Tatiana Tsygankova
et al. using the approach based on BiLSTM-CRF with embeddings obtained by the BERT
multilingual model and by Arkhipov et al. with a modified BERT model, which uses CRF as
the top-most layer [16].
3. Model
The proposed models for NER and RE are based on the BERT [8] architecture. BERT
is a language model, it’s training is carried out on two tasks simultaneously: the restoration of
masked words in a sentence and the classification of sentences based on logical connectivity
(whether the second sentence is a continuation of the first or not). During training in solving
these two problems, the language model studies the syntax and semantics of the language,
which allows it to be used to create informative vector representations of words
(embeddings).
Having received vector representations for words and / or text, we can apply them to
the input of another model that solves a specific problem (for example, classifications),
continue to teach the entire model as a whole or to train only the added model by freezing the
weight of BERT itself.
3.2 BERT NER
The BERT “head” for solving the NER task is a seq2seq classifier that receives words
embeddings and returns BIO (Begin-inside-outside) entities tags corresponding to these
words.
First, we have word embeddings which are the main words features in sequence and
which are obtained using BERT. Further, we use BiLSTM block that is used to highlight
additional dependencies in the sequence. The next step is a Linear layer designed to increase
the expressiveness of the network. Finally, we use CRF layer for labeling. The architecture of
the model is illustrated in Figure 1.

Figure 1 — BERT NER architecture
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We also considered many other classifier variations, for example, we replaced CRF
with Time-distributed layer and BiLSTM with CNN — such models were also tested during
our experiments.

3.3 BERT RE
To solve the RE problem, a classifier model has been used. At the input it receives a
sequence of words and bit masks that highlight specific entities in this sequence. These masks
are used to obtain embeddings of entities by averaging the corresponding token embeddings.
Also, as for a sentence embedding, a special token [CLS] embedding is taken, which
accumulates information about the sentence as a whole. Embeddings of entities and sentences
are used as features to classify the semantic relationship between entities. First, they are
passed through the linear layers separately, then they are concatenated into one tensor, which
passes through the another linear layer. At the output of the model, the Softmax layer returns
the probability that the relationship belongs to each class. The architecture is shown in Figure
2.

Figure 2 — BERT RE architecture
4. Experiments
4.1 BERT pre-training
We took the RuBERT — fine-tuned on the Russian Wikipedia and Russian news
articles datasets BERT models as s basis [9]. We took the RuBERT weights as initial and
fine-tuned model on the text corpus of RuREBus competition.
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According to the results of training at 72 epochs, which took about 20 hours, the loss
function of the model fell from 4.2823567, to 0.60947275.
In this way, we got a model adapted not for the Russian language as a whole, but
specifically for the formal clerical language of state reports.
4.2 Vocabulary generation
A dictionary of 119547 tokens was generated using the SentencePiece tokenizer [17]
in its BPE version. After this dictionary has been converted to the WordPiece format — it is
expected by the BERT model for input. It was decided to keep the case of words and not to
transfer all characters to lower case — this is motivated by the specifics of the task: named
objects often start with a capital letter, and this can serve as an important feature.
4.3 Training data
For training the corpus of reports of the Ministry of Economic Development of the
Russian Federation with a volume of about 280 million tokens was used. This corpus
represents various reports of regional authorities about work done and planned activities, as
well as forecasts and plans for the future. A certain subset of the corpus is marked with
special named entities (8 classes) and semantic relations between them (11 classes).
The markup competed in the brat standoff format [18] and includes the number of the
entity or relationship, the type, the position of first and last characters of the entity or an
enumeration of the arguments of the relationship. Data example is shown in Figure 3.

Figure 3 — data example
4.4 Data augmentations for RE
An important stage in the preparation of data is its augmentation. We introduce
inverse relations for asymmetric relations (in our case, all relations are asymmetric) and take
the corresponding sentences with the reverse word order. Such sentences often have the
wrong syntax, but still contain useful information. The model is trained on a unified set of
relations, and during testing, the direct and inverse classes are considered one class.
4.5 Model parameters

In all models size of linear and other layers set to 128, the maximum length of the
input sequence is 128 tokens. Each model was trained for 50 epochs using the AdamW
optimizer with learning rate 5e-5 and linear scheduler.
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5. Results
The model’s results on the test data are presented in Table 1. We compare our results
with the results of the RuREBus competition participants. Despite the fact that the result was
obtained on the same test data set, our result was not obtained during the official evaluation.
NER

Our results
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LSTMLinear

LSTM-CRF

CNN-Linear

CNN-CRF

Base

0.3

0.306
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0.4

—

bond005

0.338
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—

Table 1 — results comparison
6. Future work
In the process of working on the solution, we identified the following ways to
improve:
1. Using more complex classifiers — for example, Bayesian Neural Network for the
NER task [10]
2. Using more advanced multitask learning based language models, e.g. ERNIE [11]
3. The use of data augmentation using a language model to evaluate learning examples
generated automatically from existing ones [12]
7. Conclusion
We considered the modern models for solving NER and RE problems within the
problem that is close to real. The models showed a good result and can be improved and used
to solve other problems.
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