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Currently, social network sites tend to be one of the major communication 
platforms in both offline and online space. Freedom of expression of various 
points of view, including toxic, aggressive, and abusive comments, might 
have a long-term negative impact on people’s opinions and social cohe-
sion. As a consequence, the ability to automatically identify and moderate 
toxic content on the Internet to eliminate the negative consequences is one 
of the necessary tasks for modern society. This paper aims at the automatic 
detection of toxic comments in the Russian language. As a source of data, 
we utilized anonymously published Kaggle dataset and additionally vali-
dated its annotation quality. To build a classification model, we performed 
fine-tuning of two versions of Multilingual Universal Sentence Encoder, Bi-
directional Encoder Representations from Transformers, and ruBERT. Fine-
tuned RuBERT achieved F1 = 92.20%, demonstrating the best classification 
score. We made trained models and code samples publicly available to the 
research community.
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В настоящее время социальные сети стали один из основных инстру-
ментов для коммуникаций. Свобода выражения различных точек зре-
ния, включая токсичные, агрессивные и оскорбительные комментарии, 
может оказать долгосрочное негативное влияние на как непосред-
ственно на мнения людей, так и социальную сплоченность в целом. 
В данной статье рассматривается разработка подхода для автоматиче-
ской классификации токсичных комментариев на русском языке. В каче-
стве источника данных был использован набор русскоязычных коммен-
тариев Russian Language Toxic Comments, анонимно опубликованный 
на Kaggle. На основе предобученных моделей Multilingual Universal Sen-
tence Encoder (M-USE), Bidirectional Encoder Representations from Trans-
formers (BERT) и ruBERT были построены классификаторы. Наилучшие 
результаты в задачи бинарной классификации текстов достиг ruBERT-
Toxic, продемонстрировав F1 = 92,20 %. Предобученные модели и при-
меры кода для использования были опубликованы на GitHub.

Ключевые слова: определение токсичных комментариев, классифи-
кация текстов, обработка естественных языков

1. Introduction

Nowadays, social network sites have become one of the key ways to express opin-
ions online. The rapid growth of content has led to the fact that the amount of un-
verified information is increasing every day. Freedom of expression of various points 
of view, including toxic, aggressive, and abusive comments, might have a long-term 
negative impact on people’s opinions and social cohesion. Thus, the ability to auto-
matically identify toxic speech and inappropriate content on the Internet to eliminate 
the negative consequences is one of the necessary tasks for modern society. A signifi-
cant amount of studies have already been conducted by large companies [23], [26], 
[39], [47], however, for social acceptance of such systems limiting the right of Free 
Speech a good understanding and publicly available research is necessary.

A growing number of evaluation tracks such as [3], [21], [42] were organized 
in recent years, and the best detection approaches were evaluated. Currently, ad-
vanced deep learning techniques tend to be the superior method for this task [1], [35]. 
While some papers directly examined the detection of toxic language, abusive and 
hate speech for Russian-language [2], [8], [17], there is only one publicly available 
dataset of Russian-language toxic comments [5]. This dataset was published at Kaggle 
without any details about the annotation process, so it can be unreliable to use this 
dataset in academic and applied projects without deep examination.

This paper focuses on the automatic detection of toxic comments in Russian-
language texts. To do this, we performed annotation validation of Russian Language 
Toxic Comments Dataset [5]. Next, we build classification models by exploring trans-
fer learning of pre-trained Multilingual version of pre-trained Multilingual Universal 
Sentence Encoder (M-USE) [48], Bidirectional Encoder Representations from Trans-
formers (M-BERT) [13] and ruBERT [22]. The top-performing model ruBERT-Toxic 
achieved F1 = 92.20% in a binary classification task. We made the sample code and 
fine-tuned M-BERT and M-USE models publicly available at https://github.com/
sismetanin/toxic-comments-detection-in-russian.

https://github.com/sismetanin/toxic-comments-detection-in-russian
https://github.com/sismetanin/toxic-comments-detection-in-russian
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The rest of the article is organized as follows. In Section 2, we present a brief over-
view of the related work, including a summary of existing annotated datasets in Rus-
sian. In Section 3, we provide a general overview of Russian Language Toxic Com-
ments Dataset and describes the annotation validation process. In Section 4, we de-
scribe the adoption of language models for the text classification task. In Section 4, 
we describe the classification experiment. In conclusion, we present the performance 
of our system and further ways of research.

2. Related Work

Much work on the toxic comments detection been carried out regarding differ-
ent data sources. For example, Prabowo and colleagues evaluated Naive Bayes (NB), 
Support Vector Machine (SVM), and Random Forest Decision Tree (RFDT) algorithms 
for detecting hate speech and abusive language on Indonesian Twitter [34]. The ex-
perimental results demonstrated an accuracy of 68.43% for the hierarchical approach 
with word uni-gram features and the SVM model. In the paper [15], Founta et al. 
proposed a deep GRU-based neural network with pre-trained GloVe embeddings for 
toxic texts classification. The developed model achieved high performance across five 
abusive texts datasets, with the AUC value to ranged from 92% to 98%.

A growing body of workshops and competitions has dedicated to the tasks of toxic 
language, hate speech, and offensive language detection. For instance, HatEval and 
OffensEval at SemEval-2019; HASOC at FIRE-2019; Shared Task on the Identification 
of Offensive Language at GermEval-2019 and GermEval-2018; TRAC at COLING-2018. 
The models used in the task submissions varies from traditional machine learning, 
e.g., SVM and logistic regression, to deep learning, e.g., RNN, LSTM, GRU, CNN, 
CapsNet, including attention mechanism [45], [49], to state-of-the-art deep learning 
models such as ELMo [31] BERT [13], and USE [9], [48]. A considerable amount of the 
top-performing teams [18], [24], [27], [28], [30], [36], [38] exploited embeddings 
from the listed pre-trained language models. Since representations from pre-trained 
language models demonstrated high classification scores, they were widely used 
in further studies. For example, scholars from the University of Lorraine performed 
a multi-class and binary classification of tweets using two approaches: training DNN 
classifier with pre-trained word embeddings and fine-tuning the pre-trained BERT 
model [14]. They observed that BERT fine-tuning performed much better than CNN 
and Bidirectional LSTM neural networks build on the top of FastText embeddings.

While a significant amount of studies examined toxic and aggressive behaviour 
in Russian-language social media source [7], [33], [41], there are a limited amount 
of research papers directly exploring the automatic classification of toxicity of the 
texts. Gordeev utilized Convolutional Neural Networks (CNNs) and Random Forest 
Classifier (RFC) for detecting the state of aggression in English-language and Russian-
language texts [17]. The corpus of aggression-annotated messages consisted of about 
1000 annotated messages for Russian and about 1,000 for English; however, it was 
not made publicly available. The trained CNN model achieved an accuracy score 
of 66.68% in the binary classification of aggression in Russian-language texts. Based 
on the results, the authors considered that CNNs and deep learning approaches seem 
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to be more perspective and promising in the aggression detection task. Andrusyak 
and co-workers proposed an unsupervised probabilistic approach with a seed diction-
ary for classifying abusive comments from YouTube, written in Ukrainian and Russian 
languages [2]. The authors published a manually labelled dataset of 2,000 comments, 
but it contains comments in both Russian and Ukrainian languages. Consequently, 
it can not be directly applied for the research about Russian-language content.

Several recent studies were aimed at automatic identifying of attitudes to mi-
grants and ethnic groups in Russian-language social media, including identification 
of identity-based attacks. Bodrunova and coworkers studied attitudes toward reset-
tlers from the Post-Soviet South versus other nations by analyzing 363,000 posts from 
the Russian-language LiveJournal [8]. They found that migrants neither provoked the 
significant volume of discussion nor experience the worst treatment in Russian blogs. 
Furthermore, North Caucasians and Central Asians were treated quite differently. 
Bessudnov’s research group found that traditionally Russians are more hostile to immi-
grants from the Caucasus and Central Asia; meanwhile, they generally accept Ukraini-
ans and Moldovans as their potential neighbours [6]. However, according to Koltsova 
and coworkers, various Central Asians and Ukrainians take the lead in a negative at-
titude [19]. Even though some discussed academic studies aim at the detection of toxic 
language, abusive, and hate speech, none of them made their Russian-language da-
tasets publicly available for the research community. To the best of our knowledge, 
Russian Language Toxic Comments Dataset [5] is the only publicly available dataset 
of Russian-language toxic comments. However, this dataset was published at Kaggle 
without any description of the creation and annotation process, so it can be unreliable 
to use this dataset in academic and applied projects without in-depth examination.

Thus, since there is a minimal amount of research focused on toxicity detection 
in Russian, we decided to evaluate deep learning models on the Russian Language Toxic 
Comments Dataset [5]. To best of our knowledge, there is no research dedicated to toxic 
comments classification based on this source of data. We identified Multilingual BERT and 
Multilingual USE as one of the most common and successful language models in recent 
text classification papers. Moreover, only these language models officially support the Rus-
sian language. We decided to utilize fine-tuning as a transfer learning approach since re-
cent fine-tuning studies reported the best classification results [13], [22], [43], [48].

3. Toxic Comments Dataset

Kaggle Russian Language Toxic Comments Dataset1 [5] is the collection of an-
notated comments from 2ch2 and Pikabu3, which was published on Kaggle in 2019. 
It consists of 14,412 comments, where 4,826 texts were labeled as toxic, and 9,586 
as non-toxic. The average length of comments is 175 characters; the minimum length 
is 21, and the maximum is 7,403.

1 https://www.kaggle.com/blackmoon/russian-language-toxic-comments

2 https://2ch.hk/

3 https://pikabu.ru/

https://www.kaggle.com/blackmoon/russian-language-toxic-comments
https://2ch.hk/
https://pikabu.ru/
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To validate the annotation quality of the dataset, we decided to manually an-
notate a subset of comments and compare original labels and our labels using inter-
annotator agreement metrics. We decided to assume the dataset annotation as valid 
in case of a substantial or high level of the inter-annotator agreement will be achieved. 
To begin with, we performed human annotation of a part of this dataset (3000 com-
ments) and then compared our class labels with the original ones. The annotation 
was performed by Russian-language speakers on the crowdsourcing platform Yandex.
Toloka, which had already been used in several academic studies about Russian-lan-
guage texts [10], [29], [32], [44]. As an annotation guideline, we used the annotation 
instructions for toxicity with sub-attributes from Jigsaw Toxic Comment Classifica-
tion Challenge. According to guidelines, annotators were requested to detect the tox-
icity of texts in a collection of online comments. For each comment provided, annota-
tors were required to select the level of toxicity in the comment. In order to get more 
accurate responses from annotators and restrict access to tasks for cheating annota-
tors, we utilized the following techniques: assigning a skill to the annotators based 
on their responses to control tasks and baning the performers who give incorrect re-
sponses; restricting the pool access for annotators who respond too quickly; restrict-
ing access to tasks for annotators who fail to enter captcha several times in a row. 
Each post was annotated by 3 to 8 annotators using a dynamic overlap technique4. 
Next, the results were aggregated using the Dawid-Skene method [12] based on the 
Yandex.Toloka’s recommendations5. The annotators demonstrated a high inter-anno-
tator agreement as according to the Krippendorff’s alpha value of 0.81. Finally, Co-
hen’s kappa coefficient between original and our aggregated labels constituted 0.68, 
which is a substantial level of the inter-annotator agreement, according to Cohen [11]. 
As a result, we assumed the dataset annotation as valid, especially taking into account 
potential differences in the annotation instructions.

4. Machine Learning Models

4.1. Baselines

As baseline approaches, we selected one basic machine learning-based approach 
and one modern neural network-based approach. In both cases, we applied the fol-
lowing preprocessing techniques: replacing URLs and usernames with keywords, 
removing punctuation marks, and converting strings into lowercase. The first one 
was Multinomial Naive Bayes (MNB), which tended to perform well in the text clas-
sification task [16, 40]. To build the MNB model, we used the Bag-of-Words model 
and the TF-IDF vectorization. The second one was Bidirectional Long Short-Term 
Memory (BiLSTM) neural network, which demonstrated high classification scores 
in recent sentiment analysis studies. For the embeddings layer of the neural network, 
we pre-trained Word2Vec embeddings (dim = 300) [25] on the collection of Russian 

4 https://yandex.ru/support/toloka-requester/concepts/dynamic-overlap.html

5 https://yandex.ru/support/toloka-requester/concepts/categorization.html?lang=en

https://yandex.ru/support/toloka-requester/concepts/dynamic-overlap.html
https://yandex.ru/support/toloka-requester/concepts/categorization.html?lang=en
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language tweets from RuTweetCorp [37]. On the top of the Word2Vec embeddings, 
we added two stacked Bidirectional LSTM layers. Next, we added a hidden fully 
connected layer and sigmoid output layer. To reduce overfitting, regularization lay-
ers with Gaussian noise and Dropout layers were also added to the neural network. 
We used Adam optimizer with the initial learning rate of 0.001 and categorical binary 
cross-entropy as a loss function. We trained our network with frozen embeddings for 
the 10 epochs. We tried to unfrozen embeddings on the different epoch with the si-
multaneous reduction of learning rate but failed to get better results. It was probably 
connected with the size of the training dataset [4].

4.2. Bidirectional Encoder Representations from Transformers

Currently, two multilingual versions of BERTBASE are officially available, but 
only Cased version is officially recommended6. BERTBASE takes a sequence of no more 
than 512 tokens and outputs the representation of this sequence. The tokenization 
is performed by WordPiece tokenizer [46] with the preliminary text normalization 
and punctuation splitting. Based on the BERTBASE Cased, researchers from the Mos-
cow Institute of Physics and Technology pre-trained and published ruBERT model for 
the Russian language [22]. We used pre-trained Multilingual BERTBASE Cased and ru-
BERT, which support 104 languages, including Russian, with 12 stacked Transformer 
blocks, a hidden size of 768, 12 self-attention heads, and 110M parameters in general. 
The fine-tuning stage was performed with the recommended parameters from the pa-
per [43] and the official repository7: a number of train epochs of 3, a number of warm-
up steps of 10%, a max sequence length of 128, a batch size of 32, and a learning rate 
of 5e-5.

4.3. Multilingual Universal Sentence Encoder

As input data, Multilingual USETrans takes a sequence of no more than 100 to-
kens, while Multilingual USECNN takes a sequence of no more than 256 tokens. Sen-
tencePiece tokenization [20] is used for all supported languages. We used pre-trained 
Multilingual USETrans which support 16 languages including Russian, with Trans-
former encoder with 6 transformer layers, 8 attention heads, filter size of 2048, hid-
den size of 512, and 16 parameters in general. We also used pre-trained Multilingual 
USECNN which support N languages including Russian, with CNN encoder with 2 CNN 
layers, filter width of (1, 2, 3, 5), filter size of 256, and N parameters in general. For 
both models, we used recommended parameters from and the TensorFlow Hub page8: 
a number of train epochs of 100, a batch size of 32, and a learning rate of 3e-4.

6 https://github.com/google-research/bert/blob/master/multilingual.md

7 https://github.com/google-research/bert

8 https://www.tensorflow.org/hub/tutorials/text_classification_with_tf_hub

https://github.com/google-research/bert/blob/master/multilingual.md
https://github.com/google-research/bert
https://www.tensorflow.org/hub/tutorials/text_classification_with_tf_hub
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5. Experiment

We evaluated the following baseline and transfer learning approaches: Multino-
mial Naive Bayes classifier, Bidirectional Long Short-Term Memory (BiLSTM) neural 
network, Multilingual version of Bidirectional Encoder Representations from Trans-
formers (M-BERT), ruBERT, two versions of Multilingual Universal Sentence Encoder 
(M-USE). The classification performance of trained models on the test subset (20%) 
can be found in Table 2. All fine-tuned language models exceed baseline approaches 
in terms of precision, recall, and F1-measure. According to the results, ruBERT 
achieved F1 = 92.20%, demonstrating the best classification score.

Table 1: Binary classification of toxic comments in Russian

System P R F1

MNB 87.01% 81.22% 83.21%
BiLSTM 86.56% 86.65% 86.59%
M − BERTBASE − Toxic 91.19% 91.10% 91.15%
ruBert − Toxic 91.91% 92.51% 92.20%
M − USECNN − Toxic 89.69% 90.14% 89.91%
M − USETrans − Toxic 90.85% 91.92% 91.35%

6. Conclusion

In this paper, we fine-tuned two versions of Multilingual Universal Sentence En-
coder [48], Multilingual Bidirectional Encoder Representations from Transformers 
[13] and RuBERT [22] for toxic comments detection in Russian. Fine-tuned RuBERT-
Toxic achieved F1 = 92.20%, demonstrating the best classification score. The contri-
butions of this study to practice and research are threefold. Firstly, we outlined an ex-
isting knowledge base regarding toxic comments detection in Russian content. In doing 
so, we identified the only existing toxic comments dataset in Russian, which is publicly 
available. Secondly, we performed the validation of annotation quality for this data-
set, since it was anonymously published at Kaggle. Lastly, to provide further studies 
with strong classification baselines, we made pre-trained Multilingual BERT-based, 
ruBERT-based and Multilingual USE-based models publicly available to the research 
community: https://github.com/sismetanin/toxic-comments-detection-in-russian.
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