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Abstract
Transformer language models (LMs) are fundamental to NLP research methodologies and applications in various
languages. However, developing such models specifically for the Russian language has received little attention.
This paper introduces a collection of 13 Russian Transformer LMs, which spans encoder (ruBERT, ruRoBERTa,
ruELECTRA), decoder (ruGPT-3), and encoder-decoder (ruT5, FRED-T5) architectures. We provide a report on the
model architecture design and pretraining, and the results of evaluating their generalization abilities on Russian
language understanding and generation datasets and benchmarks. By pretraining and releasing these specialized
Transformer LMs, we aim to broaden the scope of the NLP research directions and enable the development of

industrial solutions for the Russian language.
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1. Introduction

Transformer language models (LMs; Vaswani et al.,
2017) have emerged as an essential component of
state-of-the-art approaches for various natural lan-
guage understanding and generation tasks. These
LMs undergo pretraining in a self-supervised man-
ner at scale on large text corpora before being
adapted to a downstream task via finetuning, few-
shot learning, and instruction tuning (Ruder et al.,
2019; Bommasani et al., 2022; Chowdhery et al.,
2022; Ouyang et al., 2022; Touvron et al., 2023).
Open access to the pretrained models’ weights al-
lows the community to accelerate research and
develop efficient industrial solutions (Wolf et al.,
2020). However, most of these LMs are developed
for English, which imposes substantial constraints
on the potential of the language technologies.

The community has addressed this problem by
releasing massively multilingual LMs (e.g., Con-
neau and Lample, 2019; Conneau et al., 2020; Liu
et al., 2020b; Xue et al., 2021; Scao et al., 2023)
and monolingual LMs for typologically diverse lan-
guages (e.g., Polignano et al., 2019; Le et al., 2020;
Delobelle et al., 2020; Cui et al., 2020; Kutuzov
etal., 2021). Nowadays, there is still a lack of Trans-
former LMs developed specifically for the Russian
Language.

This paper introduces a family of pretrained
Transformers LMs for Russian, which spans a di-
verse set of model architectures. We offer Rus-
sian versions of the BERT (Devlin et al., 2019),
RoBERTa (Liu et al., 2019), ELECTRA (Clark et al.,
2019), GPT-3 (Brown et al., 2020), T5 (Raffel et al.,

* Work done while at SaluteDevices.

507

2020), and UL2 (Tay et al., 2022) models in multi-
ple sizes. We report the development of our LMs
and focus on evaluating them on a suite of stan-
dard Russian language understanding and genera-
tion datasets and benchmarks. The results show
that our LMs outperform their multilingual coun-
terparts and related Russian Transformer LMs on
most tasks, achieving state-of-the-art performance.
The main contributions are the following:

1. We pretrain and release 13 Transformer-based
LMs for the Russian language: ruBERT-
base', ruBERT-large®, ruRoBERTa-large?®,
ruELECTRA-small*, ruELECTRA-medium®,
ruELECTRA-large®, ruGPT-3-small’, ruGPT-
3-medium®, ruGPT-3-large®, ruT5-base'®,
ruT5-large'!, FRED-T5-large'?, and FRED-T5-
XL'3. The LMs have been released over the
last few years under the MIT license.

2. We conduct a series of experiments to evaluate
the generalization abilities of our LMs on a wide
range of tasks, including machine reading com-
prehension, natural language inference, word
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sense disambiguation, coreference resolution,
acceptability classification, inappropriateness
identification, text simplification, text summa-
rization, and text detoxification. The evaluation
codebase is publicly available'.

2. Related Work

2.1.

Russian is well-represented in the pretraining cor-
pus of various massively multilingual LMs, such
as mBERT (Devlin et al., 2019), XLM-R (Con-
neau et al., 2020), RemBERT (Chung et al., 2021),
mBART (Liu et al., 2020b), mT5 (Xue et al., 2021),
XGLM (Lin et al., 2022), mGPT (Shliazhko et al.,
2022), BLOOM (Scao et al., 2023), and mDe-
BERTa (He et al., 2023), inter alia. The multilingual
LMs have significantly contributed to achieving no-
table results in standard NLP tasks for Russian and
its related languages (Arkhipov et al., 2019). How-
ever, with the development of their monolingual
counterparts (see §2.2), these LMs have primar-
ily served as strong baselines for more complex
Russian language understanding and generation
tasks (e.g., Shavrina et al., 2020; Sakhovskiy et al.,
2021; Mikhailov et al., 2022).

Multilingual Language Models

2.2. Russian Language Models

DeepPavlov (Burtsev et al., 2018) pretrained one of
the first monolingual BERT-based LMs for Russian.
The model configurations include (i) the RUBERT-
base model pretrained on the Russian Wikipedia
and news corpora (Kuratov and Arkhipov, 2019),
(ii) the RuBERT-base-conversational model'® pre-
trained on OpenSubtitles (Lison and Tiedemann,
2016) and social media texts, and (iii) a distilled ver-
sion of RUBERT-base-conversational (Kolesnikova
et al., 2022). Yandex released RuLeanALBERT'6,
a Russian version of the ALBERT model (Lan et al.,
2020), and YaLM-100B"7, the largest publicly avail-
able Russian LM. The LMs are pretrained on a cor-
pus of web texts, Wikipedia articles, texts from the
Taiga corpus (Shavrina and Shapovalova, 2017),
and other multiple sources.

In line with these works, we have contributed to
developing open-source Russian LMs of various
model architectures, which are widely used within
the Russian NLP community for research and de-
velopment purposes (e.g., Dementieva et al., 2022;
Artemova et al., 2022; Shamardina et al., 2022).

14github.com/ai—forever/russian—lm—
evaluation
Bhf.co/DeepPavlov/rubert-base-
conversational
®nf.co/yandex/RuLeanALBERT
"hf.co/yandex/YaLM-100B

Model Wikipedia (ru/en) News Books C4 OpenSubtitles Size

ruBERT vIX 4 X X X 30GB
ruRoBERTa vIX 4 v X X 250GB
ruELECTRA vIx v 4 X v 70GB
ruGPT-3 IV v v v X 450GB
ruT5 vIX v v v X 300GB
FRED-TS vIX v v v X 300GB

Table 1: The pretraining corpus statistics.

3. Models

This section describes the model pretraining cor-
pus, architecture design, and pretraining details.

3.1. Pretraining Corpus

Data Collection Table 1 summarizes the gen-
eral statistics of our pretraining corpus. The corpus
includes texts from various publicly available re-
sources, which represent diverse domains:

» Wikipedia — a collection of general-domain texts
from the Russian and English Wikipedia corpora.
The Wikipedia articles are extracted from the cor-
responding dumps with the help of the WikiEx-
tractor tool (Attardi, 2015).

* News — a collection of news articles from the
Taiga corpus and the Lenta, Gazeta, and Interfax
news sources from the corus'® library.

» Books — a collection of literary texts from the
librusec corpus (Panchenko et al., 2017) and
poetic texts from the Taiga corpus. The texts are
downloaded via the corus library.

Colossal Clean Crawled Corpus (C4; Raffel et al.,
2020) — a collection of web texts in Russian.
The C4 data is downloaded using the Tensorflow
datasets (Paper, 2021).

OpenSubtitles — a collection of movie and TV
subtitles extracted from parallel corpora.

In general, different domains and sizes of the sub-
corpora are included in the resulting pretraining cor-
pora of our LMs, which range from 30GB (ruBERT)
to 450GB (ruGPT-3). This variability is primarily
due to multiple factors. First, our models have
undergone pretraining over a few years based on
methodological advancements in developing LMs
and creating pretraining corpora. For instance, the
ruGPT-3's C4 sub-corpus differs from the ruT5 and
FRED-T5 ones in that it is filtered according to the
procedure described in Ortiz Suarez et al. (2019).
Second, the amount of textual data in the publicly
available resources has increased over time, pro-
moting an improved coverage of the world changes
and domain representation.

18github.com/natasha/corus
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Model Encoder Decoder Objective Parameters  # Layers dmodel dysy Tokenizer # Heads
ruBERT-base v X MLM & NSP 178M 12 768 3072 BPE, 12 - 10* 12
ruBERT-large v X MLM & NSP 427M 24 1024 4096 BPE, 12 - 10* 16
ruRoBERTa-large v X MLM 355M 24 1024 4096 BBPE, 5 - 10* 16
ruELECTRA-small v X RTD 42M 12 256 1024 BPE, 256 - 10° 4
ruELECTRA-medium v X RTD 85M 12 576 2304 BPE, 64 - 103 12
ruELECTRA-large v X RTD 427M 24 1024 4096 BPE, 120 - 10° 16
ruGPT-3-small X v LM 125M 12 768 3072 BBPE, 5 - 10* 12
ruGPT-3-medium X v LM 355M 24 1024 4096 BBPE, 5 - 10* 16
ruGPT-3-large X v LM 760M 24 1536 6144 BBPE, 5 - 10* 16
ruT5-base v v SP 222M 12 768 3072  SentencePiece, 32 - 10° 12
ruT5-large v v SP 737M 24 1024 4096  SentencePiece, 32 - 10° 16
FRED-T5-large v v MoD 820M 24 1024 2816 BBPE, 5 - 10* 16
FRED-T5-XL v v MoD 1.74B 24 1536 4096 BBPE, 5 - 10* 24

Table 2: Summary of the model architecture configurations. Pretraining objectives: language modeling
(LM), masked language modeling (MLM), next sentence prediction (NSP), replaced token detection (RTD),
span corruption (SP), and a mixture of denoisers (MoD). d,,,.qe: iS the hidden layer dimension, and d; is
the feed-forward layer dimension. Tokenizer is the tokenization method and the vocabulary size.

3.2. Architecture & Pretraining Details

The pretraining objectives, model architecture, scal-
ing strategies, and other design choices for our
LMs are summarized in Table 2. The model config-
uration choices are based on extensive empirical
studies described in detail in Devlin et al. (2019);
Liu et al. (2019); Clark et al. (2020); Brown et al.
(2020); Tay et al. (2022), and other factors, such as
availability of the data and computational resources,
LM standards, and field state at a particular period
of time, starting from the BERT model architecture.

3.2.1. ruBERT

Architecture ruBERT is based on BERT (Devlin
et al., 2019) and pretrained on (i) a masked lan-
guage modeling (MLM) objective to predict masked-
out tokens in the input and (ii) a next sentence
prediction (NSP) objective to predict whether two
sentences follow each other. We use two BERT ver-
sions (BERT-base and BERT-large) and the Byte-
pair Encoding (BPE; Wang et al., 2020) tokeniza-
tion, with the vocabulary size of 12-10* tokens. The
main differences between DeepPavlov’s ruBERT
and our ruBERT LMs are the following. First, we
pretrain and release the first ruBERT-large model.
Second, DeepPavlov’'s ruBERT models are pre-
trained with a small batch size on a limited number
of GPUs. In contrast, we pretrain our ruBERT LMs
on a similar pretraining corpus using a larger batch
size and more computational resources, which re-
sults in improved model performance (see §4).

Pretraining Details We pretrain ruBERT-base
and ruBERT-large with a maximum sequence
length of 512 tokens using a linear scheduler with
an initial learning rate of 1e—4 and the Adam op-
timizer (Kingma and Ba, 2017) with g; = 0.9,
B = 0.99, and ¢ = le~®. The masking proba-
bility is 0.15. The total number of pretraining steps
is 10°. ruBERT-base is pretrained for 8 days on 16
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V100 GPUs, and ruBERT-large is pretrained for 20
days on 16 V100 GPUs.

3.2.2. ruRoBERTa

Architecture We use the RoBERTa-large con-
figuration (Liu et al., 2019) for ruRoBERTa-large.
The pretraining objective is MLM, the tokeniza-
tion method is Byte-level BPE (BBPE; Wang et al.,
2020), and the vocabulary counts 5 - 10* tokens.

Pretraining Details We pretrain the model with
a total batch size of 4096, the maximum sequence
length of 512 tokens, a linear scheduler with an
initial learning rate of 1e=*, and the Adam optimizer
with 81 = 0.9, B = 0.99, and ¢ = 1le~8. The
masking probability is 0.15. The model has seen
2T tokens during pretraining, which has taken 21
days on 64 V100 GPUs.

3.2.3. ruELECTRA

Architecture We use the ELECTRA architecture
configurations and follow the pretraining procedure
described in Clark et al. (2020). The models are pre-
trained with the replaced token detection (RTD) ob-
jective to predict which input tokens are masked by
the MLM-based “generator”. We use BPE with the
vocabulary size of 256-102, 64- 102, and 120 - 10° to-
kens for ruELECTRA-small, ruELECTRA-medium,
and ruELECTRA-large, respectively.

Pretraining Details We pretrain the ruELEC-
TRAmodels using the learning rate of 2¢e~4, the
masking probability of 0.25, the Adam optimizer with
B1 = 0.9, B = 0.99, and € = 1e~%, and the maxi-
mum sequence length of 512 tokens. ruELECTRA-
small, ruELECTRA-medium, and ruELECTRA-
large are pretrained with a batch size of 128, 64,
and 48 for 7, 8, and 10 days on 4 V100 GPUs for the
total number of steps of 1-10°, 1-105, and 4 - 10°,
respectively.



3.2.4. ruGPT-3

Architecture ruGPT-3 is a Russian counterpart
of GPT-3 (Brown et al., 2020). We use the model
architecture description by Brown et al. (2020) and
the GPT-2 code base (Radford et al., 2019) from
the Transformers library (Wolf et al., 2020). ruGPT-
3 is pretrained on the language modeling objective.
We use the BBPE tokenization with the vocabulary
size of 5 - 10* tokens.

Pretraining Details The ruGPT-3 models are pre-
trained with a maximum sequence length of 1024
tokens for three epochs and 2048 tokens for one
epoch. We use the initial learning rate of 1e~* and
the Adam optimizer with 8, = 0.9, 5, = 0.99, and
¢ = 1le~8. The total number of tokens seen during
pretraining is 80B. The pretraining of ruGPT3-small,
ruGPT3-medium, and ruGPT3-large has taken 7,
16, and 16 days on 32, 64, and 128 V100-SXM3
GPUs, respectively.

3.25. ruT5

Architecture ruT5 is one of the first encoder-
decoder LMs pretrained only on Russian-language
textual data. ruT5 is designed analogically to
T5 (Raffel et al., 2020) and is available in two model
configurations: ruT5-base and ruT5-large. The
models are pretrained on an MLM span corruption
objective, where consecutive spans of the input
tokens are masked, and the model is trained to re-
construct the masked tokens. We use the Senten-
cePiece tokenization (Kudo and Richardson, 2018)
with the vocabulary size of 32 - 10 tokens.

Pretraining Details The ruT5 models are pre-
trained using a linear scheduler with the learning
rate of 1e=* and the Adam optimizer with 3; = 0.9,
Ba = 0.99, and ¢ = 1e~8. The sequence length is
set to 512/512 for inputs and targets. The ruT5-
base and ruT5-large models are pretrained with
a total batch size of 2048 for 14 days on 32 V100
GPUs and 21 days on 64 V100 GPUs, respectively.

3.2.6. FRED-T5

Architecture FRED-T5 (Full-scale Russian En-
hanced Denoisers) is an encoder-decoder model
based on T5 and UL2 (Tay et al., 2022), available in
two configurations: FRED-T5-large and FRED-T5-
XL. In contrast to ruT5, FRED-T5 uses the gated
GELU function instead of ReLU. Drawing inspira-
tion from (Tay et al., 2022), we pretrain FRED-T5 on
a mixture of denoisers, a set of diverse pretraining
objectives. The R-Denoiser is an MLM span corrup-
tion objective used in T5. The S-Denoiser follows
the language modeling objective, where the input
sequence is split into the context and target tokens

so that the targets do not rely on future informa-
tion. The X-Denoiser aims to recover much of the
input based on the span corruption and language
modeling objectives.

The main differences in the pretraining ap-
proaches between UL2 and FRED-T5 are the fol-
lowing: (i) we use seven denoisers with a uniform
distribution of the hyperparameters 1 (the average
span length), r (the corruption rate), and n (the
number of corrupted spans) instead of the normal
distribution, and (ii) we use BBPE instead of Sen-
tencePiece, with a vocabulary size of 5- 10* tokens.

We use the following special tokens and hy-
perparameters for the FRED-T5 denoisers: <1.M>
(u=L/4,7=0.25,n=1),<SCl> (u=3,r=0.15,
n = 1), <sc2> (u = 8, r = 0.15, n = 1), <SC3>
(0w =1064,r =0.15,n=1), <sC4> (u =3, r = 0.5,
n = 1), <sC5> (u = 8, r = 0.5, n = 1), <SC6>
(u =64, = 0.5,n = 1), where L is the input length.
The <1LM> token corresponds to the S-Denoiser.

Pretraining Details FRED-T5 is pretrained using
a linear scheduler with the initial learning rate of
le~* and the Adafactor optimizer (Shazeer and
Stern, 2018) with 3; = 0.9, 32 = 0.99, and € = 1le~3.
The sequence length is set to 512/512 for inputs
and targets. The FRED-T5-large and FRED-T5-XL
models are pretrained with a total batch size of 2048
for 35 days on 160 V100 GPUs, followed by 5 days
on 80 A100 GPUs, and for 45 days on 112 A100
GPUs, respectively.

4. Empirical Evaluation

This section describes the experimental setup and
presents the key results of evaluating our LMs on
a suite of standard benchmarks and datasets for
Russian. The optimal resulting hyperparameters
are summarized in Table 10 (see §10.1).

4.1. Natural Language Understanding

4.1.1. General Language Understanding

Tasks Russian SuperGLUE (Shavrina et al.,
2020) includes nine tasks on common sense un-
derstanding (RUSSE, PARus), natural language
inference (TERRa, RCB), reasoning (RWSD),
machine reading comprehension (MuSeRC, Ru-
CoS; Fenogenova et al., 2020) and world knowl-
edge (DaNetQA; Glushkova et al., 2021), and
a broad-coverage diagnostic test set (LiDiRus).
The performance metrics are the accuracy
score (Acc.; PARus, TERRa, RUSSE, RWSD,
RCB, and DaNetQA), exact match (EM; MuSeRC,
RuCoS) the F1-score (F1; RCB, RuCoS), the
macro-average F1-score (F1,; MuSeRC), and the
Matthews Correlation Coefficient (MCC; LiDiRus).
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Model overall LiDiRus RCB PARus MuSeRC TERRa RUSSE RWSD DaNetQA RuCoS
MCC F1/Acc. Acc. F1,/EM Acc. Acc. Acc. Acc. F1/EM
Encoder LMs
ruBERT-base 60.3 17.2 35.7/47.7 70.4 75.9/41.4 69.4 73.9 66.9 59.9 85.0/84.9
ruBERT-large 61.7 20.1 38.1/49.3 70.2 79.4/47.9 70.5 70.5 66.9 67.8 82.0/82.0
ruRoBERTa-large 68.1 34.1 40.9/46.3 76.4 84.5/58.1 79.3 74.9 66.9 81.1 85.0/85.0
ruELECTRA-small 50.5 10.6 34.6/46.1 56.4 62.8/21.0 54.0 59.2 66.9 65.8 60.0/59.6
ruELECTRA-medium 52.4 18.2 41.3/52.5 57.6 61.5/18.9 54.4 64.9 66.9 60.0 63.0/62.4
ruELECTRA-large 52.2 19.7 38.6/45.9 64.4 549/ 7.8 58.3 63.2 66.9 62.7 61.0/60.7
ruBERT-base (DP)* 57.6 19.9 26.5/45.7 54.2 77.7/43.3 64.8 71.4 66.9 60.1 84.0/84.0
ruBERT-base-conv (DP)* 50.0 17.8 45.2/48.4 50.8 68.7/27.8 64.0 72.9 66.9 60.6 22.0/21.8
mBERT* 54.7 8.4 34.4/422 53.2 76.8/41.5 57.8 65.3 66.9 62.2 80.0/80.4
XLM-R-large* 63.9 35.1 32.3/46.8 51.0 81.5/50.7 79.1 77.0 66.9 73.7 86.0/86.3
RuLeanALBERT* 69.8 40.3 36.1/41.3 79.6 87.4/65.4 81.2 78.9 66.9 76.0 90.0/90.2
FRED-T5-XL encoder-only* 69.4 42.1 31.1/441 80.6 88.2/66.6 83.1 72.3 66.9 735 91.0/91.1
Decoder LMs
ruGPT-3-small 43.8 1.3 35.6/47.3 56.2 65.3/22.1 48.8 57.0 66.9 61.0 21.0/20.4
ruGPT-3-medium 46.8 1.0 37.2/46.1 59.8 70.6/30.8 50.5 64.2 66.9 63.4 23.0/22.4
ruGPT-3-large 50.5 23.1 41.7/48.4 58.4 72.9/33.3 65.4 64.7 63.6 60.4 21.0/20.2
YaLM P-tune* 711 36.4 35.7/47.9 83.4 89.2/70.7 84.1 71.0 66.9 85.0 92.0/91.6
Encoder-decoder LMs

ruT5-base 62.3 21.3 42.5/47.9 57.8 80.2/471 73.0 71.3 66.9 76.9 85.0/84.8
ruT5-large 68.3 35.1 46.1/51.6 73.2 84.9/58.9 77.9 76.6 66.9 78.0 86.0/86.0
FRED-T5-large 69.0 33.8 45.0/48.4 72.6 88.0/66.4 79.6 78.0 66.9 81.7 85.0/84.5
FRED-T5-XL 75.2 46.5 51.1/54.6 81.8 91.7/76.2 86.9 81.7 66.9 88.2 88.0/88.0
mT5-base* 51.6 0.06 37.5/48.6 49.4 65.6/22.7 57.9 57.6 66.9 68.7 71.0/69.7
mT5-large* 56.0 17.0 34.4/42.7 50.4 77.6/42.9 67.3 56.4 66.9 74.3 74.0/72.8
Human 81.1 62.6 68.0/70.2 98.2 80.6/42.0 92.0 80.5 84.0 91.5 93.0/89.0

Table 3: Results on Russian SuperGLUE. All values are scaled by 100. DP=DeepPavlov (Burtsev et al.,
2018). Overall is the overall average score. The best score is in bold, and the second best is underlined.

The baseline models are marked with an asterisk.

Method We estimate the model performance via
finetuning and zero-shot evaluation. The encoder
and encoder-decoder LMs are finetuned for a max-
imum of 40 epochs with an early stopping based
on the task-specific performance metric or their
average on the validation set. The task example
templates are presented in Table 11 (see § 10.2).

« Encoder LMs: we finetune the encoders via
the Transformers library using the AdamW op-
timizer (Loshchilov and Hutter, 2019), learning
rate of 1 - 10~°, weight decay of 0.01, and batch
size of 32.

Decoder LMs: the decoder-only models are
evaluated in a zero-shot setting, where the tar-
get label is selected based on the lowest per-
plexity of the resulting prompt templates. The
ruGPT-3 results are taken from the official leader-
board as of September 2023: russiansuper-
glue.com/leaderboard.

» Encoder-decoder LMs: we formulate the tasks
in the text-to-text format and follow the two-stage
finetuning procedure (Raffel et al., 2020). The
first stage is multi-task pretraining, where the
model is continuously pretrained on a combi-
nation of tasks. Each input starts with a task-
specific prefix. Next, the model is finetuned on
each task individually using the bf16 precision.
We experiment with using the combinations of
Adam & linear scheduler with a learning rate of
1-107°, and Adafactor & constant scheduler with
the learning rate of 1- 1073,
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Baselines We finetune ruBERT-base by Deep-
Pavlov, mBERT, mT5-base, mT5-large and XLM-
R-large as described above. We also compare our
LMs with the following official leaderboard results:
human annotators, ruBERT-base-conversational
by DeepPavlov (ruBERT-base-conv), YaLM 3.3B &
P-tuning (YaLM P-tune), RuLeanALBERT, and the
FRED-T5-XL encoder-only finetuned on each RSG
task independently.

Results The results are shown in Table 3. FRED-
T5-XL performs best on most tasks, with an overall
score of 75.2. Finetuning only the FRED-T5-XL en-
coder leads to strong results on PARus, MuSeRC,
TERRa, RUSSE, and RuCoS. ruRoBERTa-large
receives the overall best performance among the
proposed encoder LMs (68.1), performing on par
with ruT5-large. Comparing results with the best-
performing encoder, we find that ruRoBERTa-
large outperforms RuLeanALBERT on RCB and
DaNetQA. We also find that our ruBERT-based
LMs outperform DeepPavlov’s ruBERT models. ru-
ELECTRA performs worse on the machine read-
ing comprehension tasks, which results in a lower
overall score. The overall zero-shot performance
of the decoder-only LMs is similar to the ruBERT-
base-conv and ruELECTRA-based LMs. The larger
versions of the ruGPT-based LMs outperform the
encoders on RCB, PARus, and MuSeRC (e.g.,
mBERT, XLM-R-large, and ruELECTRA).

Our LMs have promoted new state-of-the-art re-
sults on most of the Russian SuperGLUE tasks,


https://russiansuperglue.com/leaderboard
https://russiansuperglue.com/leaderboard

Overall In-domain Out-of-domain
Model
Acc. MCC Acc. MCC Acc. MCC
Encoder LMs
ruBERT-base 74.50 + 0.60 0.41 + 0.01 76.95 +0.72 0.36 + 0.01 73.17 £ 074 0.43 + 0.01
ruBERT-large 75.90 + 0.42 0.42 + 0.01 78.82 + 057 0.40 + 0.0t 74.30 £ 0.71 0.42 +o0.01
ruRoBERTa-large 80.80 + 0.47 0.54 +o0.01 83.48 + 045 0.53 +o0.01 79.34 + 057 0.53 +o0.01
ruELECTRA-small 61.74 + 1.09 0.20 + 0.02 70.09 + 1.29 0.21 +0.01 56.70 + 1.58 0.17 +0.03
ruELECTRA-medium 7411 £ o085 0.38 +0.02 76.14 + o088 0.34 +0.02 73.00 + 1.05 0.38 +0.02
ruELECTRA-large 65.65 + 0.65 0.20 +0.02 72.79 £ 031 0.22 +o0.01 61.75 £ 1.02 0.17 +0.02
mBERT* 67.47 +1.33 0.19 + 0.01 72.69 + 1.40 0.19 +0.02 64.63 + 1.62 0.18 +0.02
ruBERT-base (DP)* 72.57 +1.92 0.35 +o0.12 75.02 + 1.21 0.30 +o.11 71.23 + 252 0.38 +o0.12
ruBERT-base-conv (DP)* 75.33 + 1.55 0.38 +0.02 78.98 +0.79 0.38 +0.01 73.33 + 2.08 0.38 +0.04
RuLeanALBERT* 80.00 + 0.0 0.52 + 0.0 82.00 + 0.0 0.49 + 0.0 78.00 + 0.0 0.52 + 0.0
XLM-R* 65.73 + 233 0.17 +0.04 7417 £1.75 0.22 +0.03 61.13 £ 29 0.13 +0.05
RemBERT* 76.21 +0.33 0.44 + 0.01 78.32 +0.75 0.40 + 0.02 75.06 + 0.55 0.44 + 0.01
Decoder LMs (PenLP)
ruGPT-3-small 53.89 + 0.0 0.25 + 0.0 57.46 + 0.0 0.19 + 0.0 51.94 + o0 0.27 +0.0
ruGPT-3-medium 55.79 + 0.0 0.27 + 0.0 59.39 + 0.0 0.19 + 0.0 53.82 £ 0.0 0.30 + 0.0
ruGPT-3-large 56.83 + 0.0 0.29 + 0.0 61.22 + 0.0 0.22 + 0.0 54.43 + 0.0 0.31 + 00
mGPT-XL* 60.60 + 0.0 0.27 + 0.0 62.84 + 0.0 0.16 + 0.0 59.37 £ 0.0 0.29 + 0.0
Encoder-decoder LMs

ruT5-base 71.26 + 1.31 0.27 +0.03 76.49 + 154 0.33 +0.03 68.41 + 155 0.25 +0.04
ruT5-large 74.29 + 380 0.37 +0.07 74.82 + 167 0.33 +0.29 74.00 +5.33 0.40 +o.10
FRED-T5-large 75.83 + 0.0 0.40 + 0.0 77.36 + 0.0 0.34 + 00 75.0 + 0.0 0.42 + 0.0
FRED-T5-XL 77.37 £ 00 0.46 + 0.0 80.5 + 0.0 0.46 + 0.0 75.66 + 0.0 0.45 + 0.0
Human 84.08 0.63 83.55 0.57 84.59 0.67

Table 4: Results for acceptability classification on the RuCoLA test set. The best score is in bold, and the
second-best one is underlined. The baseline models are marked with an asterisk.

and the overall performance gap between humans
and the LMs has been narrowed by up to 4.9. How-
ever, there is still room for model improvement on
the RWSD, RCB, TERRa, and PARus tasks.

4.1.2. Acceptability Classification

Task RuCoLA (Mikhailov et al., 2022) consists
of in-domain sentences from linguistic publications
and out-of-domain sentences produced by genera-
tive LMs. The task is to predict if a given sentence
is acceptable or not. The performance metrics
are the accuracy score (Acc.) and MCC.

Method We follow the finetuning and evaluation
procedure described in Mikhailov et al. (2022). We
use the ruRoBERTa-large, ruGPT-3-medium, and
ruT5-base results from Mikhailov et al. (2022). The
best model configuration is selected based on the
MCC on the validation set.

» Encoder LMs: the encoders (ruBERT, ruELEC-
TRA) are finetuned for 5 epochs using the
AdamW optimizer via a grid search over a set
of hyperparameters: the learning rates {1075, 3 -
107°,5 - 10~°} and the weight decay values
{107%,1072,0.1}. The results are averaged over
10 experiment runs with different random seeds.

» Decoder LMs: the ruGPT-3-small and ruGPT-3-
large models are evaluated using a classification
approach based on a threshold for the PenLP
acceptability measure (Lau et al., 2020). The
threshold is selected on the training set via 10-
fold cross-validation to maximize MCC on the

validation set: —19.65 (ruGPT-3-small), —20.91
(ruGPT-3-medium), and —19.39 (ruGPT-3-large).

» Encoder-decoder LMs: ruT5-large is finetuned
for 20 epochs, with the search space of
{10=%,1073} for the learning rate and {0, 10~}
for the weight decay. We finetune the FRED-T5
models for 20 epochs using the Adafactor opti-
mizer, the learning rate of 5 - 10~4, weight decay
of 0.0, and batch size of 16. We report the results
for only one experiment run.

Baselines We finetune ruBERT-base by Deep-
Pavlov, ruBERT-base-conv, and mBERT as de-
scribed above. The PenLP threshold for mGPT-
XL'® is —54.37. We use the results for human an-
notators, XLM-R, and RemBERT from Mikhailov
et al. (2022). Results for RuLeanALBERT are from
the RuCoLA leaderboard as of September 2023:

rucola-benchmark.com/leaderboard.

Results The results for acceptability classifica-
tion are presented in Table 4. In general, our LMs
outperform their monolingual and multilingual coun-
terparts. ruRoBERTa-large receives the best perfor-
mance among the LMs, falling short behind expert
human annotators. The second-best is RuLeanAL-
BERT, followed by FRED-T5-XL and RemBERT. At
the same time, ruELECTRA outperforms mBERT
and XLMR. We observe that ruGPT-3-large per-
forms the best among the threshold-based clas-
sifiers, and the ruGPT-3-medium performance is

hf.co/ai-forever/mGPT
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Model F1-score
Encoder LMs
ruBERT-base 80.75 + 0.32
ruBERT-large 81.27 £ 034
ruRoBERTa-large 82.44 + 1.02
ruELECTRA-small 78.46 +0.77
ruELECTRA-medium 79.05 + 043
ruELECTRA-large 80.27 + 1.30
mBERT* 78.24 +0.56
ruBERT-base (DP)* 79.59 +0.07
ruBERT-base-conv (DP)*  81.14 + o064
Decoder LMs
ruGPT-3-small 64.68 + 0.0
ruGPT-3-medium 64.32 + 0.0
ruGPT-3-large 64.39 + 0.0
mGPT-XL* 64.78 + 0.0
Encoder-decoder LMs
ruT5-base 75.45 + 0.0
ruT5-large 75.20 + 0.0
FRED-T5-large 82.13 + 0.0
FRED-T5-XL 82.86 + 0.0
mT5-base* 75.63 + 0.0
mT5-large* 77.33 £ 00

Table 5: Results for inappropriateness identification.
DP=DeepPavlov (Burtsev et al., 2018). The best
score is in bold, and the second best is underlined.
The baseline models are marked with an asterisk.

similar to mGPT 1.3B. Our LMs generalize well
to machine-generated sentences, showing minor
performance differences between the in- and out-
of-domain sets.

4.1.3. Inappropriateness ldentification

Task We use the dataset by Babakov et al. (2021)
to evaluate the model’s ability to identify inappro-
priate messages, which can cover a sensitive topic
(e.g., crime, body shaming, and sexism) and harm
the reputation of the user. The target performance
metric is the macro-average F1-score.

Method We finetune and evaluate the encoder,
decoder, and encoder-decoder LMs as described in
§4.1.2. The PenLP thresholds are —37.66 (ruGPT-
3-small), —35.82 (ruGPT-3-medium), and —35.39
(ruGPT-3-large).

Baselines We finetune and evaluate mBERT,
ruBERT-base by DeepPavlov, ruBERT-base-cony,
mT5-base, and mT5-large as described in §4.1.2.
The PenLP threshold for mGPT-XL is —32.54.

Results The results for inappropriateness identi-
fication are presented in Table 5. Overall, all mod-
els receive strong performance, and the encoder
and decoder-only LMs perform on par. The perfor-
mance improves with the model scaling, except for
the decoder-only and ruT5 models. FRED-T5-XL
shows the best results among the LMs, followed by
ruRoBERTa-large and FRED-T5-large.
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Public test Private test
Model
SARI BERTScore SARI BERTScore
Decoder LMs
ruGPT-3-small 37.96 0.81 37.54 0.79
ruGPT-3-medium 39.00 0.91 39.21 0.91
ruGPT-3-large 39.09 0.90 39.37 0.90
mGPT-XL* 42.45 0.98 42.22 0.97
Encoder-decoder LMs

ruT5-base 43.34 1.0 43.29 1.0
ruT5-large 43.33 1.0 43.22 1.0
FRED-T5-large 43.95 0.99 43.40 0.99
FRED-T5-XL 43.41 1.0 43.35 0.99
mBART-large-50* 39.75 0.95 40.47 0.96
mT5-base* 43.63 0.99 43.55 0.99
mT5-large* 43.62 1.0 43.68 1.0
Input sentence* 43.90 1.0 43.92 1.0
Human 66.72 0.82 66.11 0.82

Table 6: Results for text simplification on the
RuSimpleSentEval-2021 test sets. The best score
is in bold, and the second best one is underlined.
The baseline models are marked with an asterisk.

4.2. Natural Language Generation

4.2.1. Text Simplification

Task RuSimpleSentEval-2021 (Sakhovskiy et al.,
2021) is a corpus of pairs of sentences comprising
complex sentences and their simplified versions.
The task is to rewrite the input sentence in a less
complicated way. The performance metrics are
SARI (Xu et al., 2015) and BERTScore (Zhang et al.,
2020) computed between the input and the output
using mBERT.

Method We finetune the decoder and encoder-
decoder LMs using the AdamW optimizer, the learn-
ing rate of 5 - 10~°, and batch size of 2 for 3 and 10
epochs, respectively. The decoding strategy and
hyperparameters for inference are selected based
on the validation performance and manual analy-
sis of the model outputs. The resulting strategy is
beam search with 5 beams for all models.

Baselines We report human reference scores
and a non-neural baseline of the input sentence
without any change (Input sentence). Then, follow-
ing the procedure described above, we finetune
mBART-large-50 (Tang et al., 2021), mGPT-XL,
mT5-base, and mT5-large.

Results The results for the text simplification task
are presented in Table 6. For all tested models ex-
cept for ruGPT3-small, BERTScore exceeds 0.9,
which means that simplified predictions are very
close to the input sentence with slight simplifica-
tions, mainly at the word level. Overall, our manual
analysis of the model outputs suggests that the
target metric (SARI) does not indicate the intended



Model ROUGE-L BERTScore BLEU METEOR ChrF1 Model STA SIM FL Joint ChrF1
Decoder LMs
Decoder LMs
ruGPT-3-small 17.28 71.78 6.18 20.13 30.66
ruGPT-3-medium 19.27 72.37 6.89 21.81 32.72 ruGPT-3-small 74.0 80.2 83.5 50.4 51.8
ruGPT-3-large 19.66 72.62 7.24 22.39 33.37 ruGPT-3-medium 78.0 79.8 83.6 53.1 54.0
Encoder-decoder LMs ruGPT-3-large 75.4 81.4 82.6 50.8 55.5
ruT5-base 18.72 73.15 7.42 22.78 33.17 »
ruT5-large 20.12 73.53 8.11 23.9 34.59 Encoder-decoder LMs
FRED-T5-large 22.48 73.69 8.35 24.29 34.97
FRED-T5-XL 22.95 73.9 8.61 24.72 3536 ruTS-base 80.0 81.9 83.0 55.3 57.2
mBART-large-50* 18.53 72.58 7.46 22.63 34.95 ruT5-large 78.8 81.6 83.2 54.4 56.8
mT5-base* 17.76 7196 6.16 2045 3095 FRED-T5-large 81.9 81.8 84.8 57.8 57.6
mT5-large* 17.80 72.73 7.16 21.84 33.38 FRED-T5-XL 82.3 82.1 85.3 ﬁ 58.1
mBART-large-50* 81.4 77.5 79.7 51.5 53.6
. At mT5-base* 615 86.4 83.1 4238 54.9
Table 7: Result_s f_or text summanzatlo_n on Ga_zeta. mTa farge* 274 Py 861 g 69
The best score is in bold, second best is underlined. .
The baseline models are marked with an asterisk. ~ PuPicate 240 1000 1000 240 %60
Delete* 55.8 88.7 85.2 40.6 52.6
performance. For instance, the multilingual LMs  Human 850 720 78.0 49.0 77.0
(mT5 and mBART-large-50) tend to copy most parts
of the input, which results in high BERTScore (over  Table 8: Results for detoxification.  Perfor-

0.96) and strong SARI scores. At the same time,
SARI does not always improve with the model scal-
ing. We also find that encoder-decoder LMs out-
perform decoder-only LMs, and ruT5-base leaves
the input sentence unchanged, similar to mT5 and
mBART-large-50. The results indicate that it is nec-
essary to conduct a human-based evaluation to get
a more complete picture of the model performance.

4.2.2. Text Summarization

Task Gazeta (Gusev, 2020) is a corpus of news
articles and their summaries for abstractive sum-
marization. The performance metrics are stan-
dard summarization evaluation metrics: ROUGE-
L (Lin, 2004), BERTScore, BLEU (Papineni et al.,
2002), METEOR (Banerjee and Lavie, 2005), and
ChrF1 (Popovi¢, 2015).

Method We finetune the decoder-only models for
3 epochs using AdamW optimizer, a linear sched-
uler with a warmup, and a learning rate of 5 - 1075.
The encoder-decoder models are finetuned with
Adafactor with a constant learning rate of 1 - 1073.
We examine different generation strategies and hy-
perparameters on the validation set. The resulting
strategy is beam search with 5 beams for all LMs.

Baselines We finetune mBART-large-50, mT5-
base, and mT5-large as described above.

Results The results for text summarization are
shown in Table 7. The scores demonstrate that the
performance improves as the model size increases.
ruGPT-3-large achieves the highest scores among
the decoder LMs, and FRED-T5-XL receives the
best performance among the encoder-decoder
LMs. The manual analysis of the model outputs in-
dicates that the ruGPT-3 models tend to copy parts
of the inputs, while the ruT5 and FRED-T5 mod-
els produce more plausible summaries. Overall,

mance metrics: STA=Style Transfer Accuracy,
SIM=Content Similarity, FL=Fluency. The best
score is in bold, second best is underlined. The
baseline models are marked with an asterisk.

our LMs show higher scores as opposed to their
multilingual counterparts.

4.2.3. Text Detoxification

Task The RUSSE Detoxification corpus (Demen-
tieva et al., 2022) tests the model’s capability of
generating a detoxified version of the toxic text. The
performance metrics are based on Dementieva
et al. (2022): ChrF1 score, style transfer accuracy,
content similarity, fluency, and the “Joint” score
(multiplication of last three metrics).

Method We conduct finetuning of the LMs over
five epochs using AdamW for the rGPT-based mod-
els and Adafactor for the ruT5-based models. We
experiment with multiple decoding strategies on the
validation set, analyzing the performance metrics
and conducting manual analysis of the outputs. We
use beam search with 5 beams and the repetition
penalty of 1.05 at the inference stage.

Baselines. We report human reference scores
and baseline results provided by Dementieva et al.
(2022): (i) a trivial “Duplicate” baseline, which
leaves the original text intact and acts as a lower per-
formance threshold; (ii) a “Delete” baseline, which
removes toxic words based on a predefined vo-
cabulary. Additionally, we finetune and evaluate
mBART-large-50, mT5-base, and mT5-large with
the same parameters as the LMs above.

Results The text detoxification results are pre-
sented in Table 8. The scores show that the LMs
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demonstrate a significant performance improve-
ment over the baselines when considering the
“Joint” score and surpass human performance with
regard to text similarity and fluency. The perfor-
mance difference between the decoder-only and
encoder-decoder LMs is not substantial. How-
ever, the encoder-decoder LMs perform better, with
FRED-T5-XL achieving the highest Joint score
(58.5) and the best model ChrF1 score (58.1).

5. Conclusion

This paper introduces 13 Russian Transformer LMs
of various model architectures, pretraining objec-
tives, and model sizes. We have released our LMs
over the last few years, facilitating research ad-
vancements and the development of specialized
downstream solutions for the Russian language.
We provide a report on the model architecture de-
sign, pretraining corpus, and pretraining. We em-
pirically evaluate our LMs, their multilingual coun-
terparts, and other open-source Russian LMs on
standard Russian NLP benchmarks and datasets.
The results indicate that our LMs promote state-of-
the-art performance on Russian SuperGLUE and
RuCoLA and match the human performance on the
machine reading comprehension and text detoxifi-
cation tasks. We outline the following future work
research directions that are out of the scope of
this paper: (i) analyzing the model performance
when finetuning data is limited, (ii) exploring the
effect of pretraining corpus composition, (iii) other
techniques for adapting language models to Rus-
sian, such as initializing from a multilingual LM, (iv)
conducting a more optimal hyperparameter search,
and (v) performing a human-based generation eval-
uation. We aim to continue to develop novel Rus-
sian LMs in the future.

6. Limitations

Limited Context Size Although our generative
LMs achieve strong results and promote state-of-
the-art performance on various tasks, their con-
text window size (maximum 2048 tokens) limits the
model application on long-context tasks. We leave
experiments with efficient finetuning approaches
to extending the context size for future work (e.g.,
Chen et al., 2023).

Social Bias Evaluation The evaluation experi-
ments conducted in this paper do not — and de
facto cannot — address all possible scenarios. We
aim to assess our model generalization abilities on
standard academic datasets and benchmarks, cov-
ering various natural language understanding and
generation tasks. Still, our experimental setup is
limited due to the lack of peer-reviewed resources
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for specific evaluation cases, such as detecting so-
cial biases, stereotypes, and hate speech. There-
fore, before deploying our LMs, developers should
perform safety evaluations for their specific model
application scenarios.

Language Generation Evaluation The perfor-
mance metrics for natural language generation
tasks do not always capture the task-specific prop-
erties (e.g., Fomicheva and Specia, 2019; Colombo
etal., 2022; Chhun et al., 2022). Our manual analy-
sis of the model outputs confirms these findings for
the text simplification task (see §4.2.1). While we
follow the evaluation approach based on a combi-
nation of standard performance metrics of different
types, these metrics may not comprehensively eval-
uate the model generation abilities. We suggest a
human-based side-by-side model evaluation may
help get a complete picture of the performance.

Domain Shifts Our LMs’ pretraining corpus fea-
tures various domains, including general domain,
news, books, web texts, and subtitles. However,
pretraining the LMs?° on different sub-corpora can
hinder their performance in domain-specific appli-
cations and on out-of-domain data. Nevertheless,
we empirically show that our LMs receive strong
performance on domains not well represented in
the pretraining corpus, ranging from linguistic pub-
lications (§4.1.2) to user messages (§4.1.3).

7. Ethical Considerations

The development of the new LMs detailed in this
paper adheres to standard ethical guidelines. We
advocate for these models’ responsible and impar-
tial utilization, carefully considering their potential
societal impacts. Special attention is given to filter-
ing harmful content and ensuring a diverse range of
perspectives and sources are included in the model
pretraining corpora. Furthermore, we recognize the
importance of ongoing vigilance in monitoring and
addressing the unintended consequences of de-
ploying these models in real-world applications.

Possible Misuse We believe that our research
should not be involved in creating content that
somehow affects the individual or communal well-
being, including (i) legislative application or censor-
ship, (ii) disinformation, infringement of the rights
of access to information, (iii) dehumanizing, mis-
representing, or otherwise harmful representations
of people or their religions, culture, belief, (iv) pro-
moting harmful or discriminatory content.

20Recall that our LMs have been pretrained over the
last several years, and the domain choice and sub-
corpora sizes are based on multiple factors (see §3.1).



Model CO: (kg)
Encoder LMs
ruBERT-base 1.17k
ruBERT-large 2.94k
ruRoBERTa-large 12.37k
ruELECTRA-small 0.25k

ruELECTRA-medium  0.29k
ruELECTRA-large 0.36k

Encoder-decoder LMs

ruT5-base 4.12k
ruT5-large 12.37k
FRED-T5-large 55.7k
FRED-T5-XL 52.7k
Decoder LMs
ruGPT-3-small 2.06k
ruGPT-3-medium 9.43k
ruGPT-3-large 16.94k

Table 9: CO, emissions of pretraining models.

Biases and data quality The pretraining data for
some of the presented models includes large seg-
ments from the internet domain and, consequently,
contains various stereotypes and biases. There-
fore, proper model evaluation is still needed to ex-
plore their possible vulnerabilities in generalizing
to the out-of-domain data.

Energy Efficiency and Usage We compute the
CO- emissions from pretraining our LMs as Equa-
tion 1 (Strubell et al., 2019):

PUE % EWh 1602
C0Oz = 1000

The power usage effectiveness (PU F) of our data
centers is 1.3. The CO, emissions in kg are pre-
sented in Table 9. Model compression techniques
and parameter-efficient finetuning methods can
reduce the computational costs associated with
model inference. Note that while the ruELECTRA
models underperform the baselines on some nat-
ural language understanding tasks (e.g., machine
reading comprehension), these LMs are highly effi-
cient due to their size (e.g., the small and medium
versions have 42M and 85M, respectively). We rec-
ommend the user conduct their own evaluation for
a downstream task of interest accounting for both
performance and efficiency.

(1)
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10. Appendix

10.1. Hyperparameter Values

Model Optimizer Learning Rate Weight Decay Batch Size
Russian SuperGLUE
Encoder LMs AdamW 1-107° 0.01 32
Decoder LMs X X X X
Encoder-decoder LMs (1) Adafactor 1-1073 15 16
Encoder-decoder LMs (11) Adam 1-107° 20 16
RuCoLA
ruBERT-base AdamW 3.107° le ™ 64
ruBERT-large AdamW 3.107° 0.1 64
ruBERT-base (DP) AdamW 3.107° 0.01 64
ruBERT-base-conv (DP) AdamW 1-107° 0.01 32
mBERT AdamW 1-107° 0.1 32
ruRoBERTa-large AdamW 107° 1074 32
ruELECTRA-small AdamW 5-107° 0.1 32
ruELECTRA-medium AdamW 5.107° 0.1 32
ruELECTRA-large AdamW 3.107° 1074 32
ruT5-base Adafactor 1074 0 128
ruT5-large Adafactor 1074 0 128
FRED-T5-large Adafactor 5.107 0 16
FRED-T5-XL Adafactor 5.1074 0 16
Inappropriateness Identification
ruBERT-base AdamW 1-107° 0.1 64
ruBERT-large AdamwW 1-107° 0.1 16
ruBERT-base (DP) AdamW 1-107° 0.1 64
ruBERT-base-conv (DP) AdamW 1-107° 0.01 64
mBERT AdamW 3.107° 0.01 32
ruRoBERTa-large AdamW 107° 107* 32
ruELECTRA-small AdamW 5.107° 1073 64
ruELECTRA-medium AdamW 5.107° 0.01 64
ruELECTRA-large AdamW
ruT5-base Adafactor 1074 0 128
ruT5-large Adafactor 1074 0 128
FRED-T5-large Adafactor 5.107* 0 16
FRED-T5-XL Adafactor 5.107% 0 16
Text Simplification
Decoder LMs AdamW 1-107° 0 2
Encoder-decoder LMs AdamW 1-107° 0 2
Text Detoxification
Decoder LMs AdamW 5.107° 0.01 2
Encoder-decoder LMs Adafactor 1-107% 0.01 8
Text Summarization
Decoder LMs AdamW 5-107° 0.01 4
Encoder-decoder LMs Adafactor 1-1073 0.01 2

Table 10: Optimal hyperparameter values found in the experiments. I/ll=finetuning stage.
DP=DeepPavlov (Burtsev et al., 2018).
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10.2. Russian SuperGLUE Templates

Model Format Labels
LiDiRus
ruRoBERTa <s> {premise} </s></s> {hypothesis} </s> entailment | not_entailment
ruBERT [CLS] {premise} [SEP] {hypothesis} [SEP] entailment | not_entailment
ruELECTRA  [CLS] {premise} [SEP] {hypothesis} [SEP] entailment | not_entailment
ruT5 lidirus premise: ({premise} hypothesis: {hypothesis} entails | doesn’t entail
FRED-T5 lidirus premise: ({premise} hypothesis: {hypothesis} entails | doesn’t entail
RCB
ruRoBERTa  <s> {premise} </s></s> {hypothesis} </s> entailment | contradiction | neutral
ruBERT [CLS] {premise} [SEP] {hypothesis} [SEP] entailment | contradiction | neutral
ruELECTRA [CLS] {premise} [SEP] {hypothesis} [SEP] entailment | contradiction | neutral
ruTs rcb premise: {premise} hypothesis: {hypothesis} entailment | contradiction | neutral
FRED-T5 rcb premise: {premise} hypothesis: {hypothesis} entailment | contradiction | neutral
PARus
ruRoBERTa <s> {premise} </s></s> {hypothesis} </s> 0|1
ruBERT [CLS] {premise} [SEP] {hypothesis} [SEP] 0 1
ruELECTRA  [CLS] {premise} [SEP] {hypothesis} [SEP] 01 1
ruT5 parus premise: {premise} hypothesisl: {choicel} hypothesis2: {choice2} hypothesisl | hypothesis2
FRED-T5 parus premise: {premise} hypothesisl: {choicel} hypothesis2: {choice2} hypothesisl | hypothesis2
MuSeRC
ruRoBERTa <s> {passage} </s></s> {question} {answer} </s> 0] 1
ruBERT [CLS] {passage} [SEP] {question} {answer} [SEP] 0] 1
ruELECTRA  [CLS] {passage} [SEP]{question} {answer} [SEP] 011
ruT5 muserc question: {question} answer: {answer} text: {passage} no | yes
FRED-T5 muserc question: {question} answer: {answer} text: ({passage} no | yes
TERRa
ruRoBERTa <s> {premise} </s></s> {hypothesis} </s> entailment | not_entailment
ruBERT [CLS] {premise} [SEP] {hypothesis} [SEP] entailment | not_entailment
ruELECTRA  [CLS] {premise} [SEP] {hypothesis} [SEP] entailment | not_entailment
ruT5 terra premise: {premise} hypothesis: {hypothesis} entails | doesn’t entail
FRED-T5 terra premise: {premise} hypothesis: {hypothesis} entails | doesn’t entail
RUSSE
ruRoBERTa <s> {sentencel} </s></s> {sentence2} </s></s> {word} </s> True | False
ruBERT [CLS] {sentencel} [SEP] {sentence2} [SEP] True | False
ruELECTRA [CLS] {sentencel} [SEP] {sentence2} [SEP] True | False
ruTs russe sentencel: {sentencel} sentence2: {sentence2} slovo: {word} no | yes
FRED-T5 russe sentencel: {sentencel} sentence2: {sentence2} slovo: {word} no | yes
RWSD*
ruRoBERTa False
ruBERT False
ruELECTRA False
ruT5 False
FRED-T5 False
DaNetQA
ruRoBERTa <s> {passage} </s></s> {question} </s> 011
ruBERT [CLS] {passage} [SEP] {question} [SEP] 01
ruELECTRA  [CLS] {passage} [SEP] {question} [SEP] 011
ruT5 danetga question: {question} text: {passage} no | yes
FRED-T5 danetga question: {question} text: {passage} no | yes
RuCoS
ruRoBERTa <s> {passage} </s></s> {query.replace(’@placeholder’, entities[i])} </s> 0] 1
ruBERT [CLS] {passage} [SEP] {query.replace(’'@placeholder’, entities[i])} [SEP] 0|1
ruELECTRA [CLS] {passage} [SEP] {query.replace(’'@placeholder’, entities([i])} [SEP] 0|1
ruTs5 rucos question: {query} entities: ', ’.join(entities)} {entities[i]}
FRED-T5 danetga question: {question} text: {passage} {entities[i]}

Table 11: Example templates for the RussianSuperGLUE tasks. * — due to the task complexity, we submit
the majority baseline for the RWSD task as our best performing model.
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