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Abstract

This paper presents SAGE, an open-access framework that encloses a set of models specifically designed for the
generative correction of spelling, punctuation, and capitalization errors in Russian. The release includes four models,
featuring a Russian-English version and a distilled version for easy use and cost-effectiveness. The models are
pre-trained using a sequence-to-sequence approach on artificial errors that mimic human mistakes and fine-tuned
on annotated multi-domain texts. A set of carefully engineered auxiliary learning objectives is employed during
pre-training to enrich the models with additional semantic and syntactic information. Evaluations indicate that SAGE
models, despite having a small number of parameters, outperform top-tier multilingual and Russian-specific large
language models, including both closed- and open-source options, and are considered state-of-the-art. We release
the online demo powered by a single Nvidia A100 80GB GPU as a Web service, which allows to simultaneously test
the most advanced SAGE model of 1.7B parameters, its distilled version and the Russian-English SAGE model.

Keywords: Generative LLMs, Spellchecking, Benchmark

1. Introduction performance fluctuations and raise privacy con-

The automatic error correction (EC) task is fun-
damental to a wide range of text-based applica-
tions, with an example of recently emerged interac-
tive smartphone keyboards (Liu et al., 2024). EC
has been a longstanding focus within the field of
natural language processing since the pioneering
works of Damerau (1964) and Levenshtein (1966).
However, despite being thoroughly studied, the
task still poses a significant challenge even for
state-of-the-art (SOTA) generative large language
models (LLMs) (Fang et al., 2023). The difficulty
of the task stems from the differing possibilities
for correction and understanding of the commu-
nicative intention of the writer (see Bryant et al.
(2023)), as well as the increasing variety of errors.
In this regard, EC in Russian presents additional
complexity due to its intricate syntactic structure,
rich morphological system, and flexible word order
(Sorokin et al., 2016; Shavrina et al., 2016).

To address these challenges, various solutions
have been proposed, particularly with significant
advancements in SOTA LLMs and prompting tech-
niques designed to correct errors in input text (Wu
et al., 2023; Fang et al., 2023; Coyne et al., 2023).
While this prompting approach shows promise, it
has two main limitations: (i) it is highly depen-
dent on the clarity of the instructions provided (Liu
et al.,, 2023), and (ii) it often overcorrects rare
words (Fang et al., 2023), mistakenly identifying
them as errors. Furthermore, the most effec-
tive open source LLMs have tens of billions of
parameters, while the APls for proprietary mod-
els are often limited in access and can exhibit

cerns (Chen et al., 2023, 2024). These factors
significantly hinder the practical application of the
prompting approach for error correction in daily us-
age.

To address these limitations, we present a family
of models that jointly perform Spelling EC (SEC),
Punctuation EC (PEC), and Capitalization EC
(CEC) tasks in a plain sequence-to-sequence fash-
ion, with input represented by corrupted text with-
out no instruction. Our encoder-decoder solutions
utilize the FRED-T5 (Zmitrovich et al., 2024) archi-
tecture for Russian and include its 95M, 820M, and
1.7B variants, alongside the mT5 model (Xue et al.,
2021) for the multilingual version. These models
are pre-trained and fine-tuned on diverse natural
and synthetic error data, which allows them to ef-
fectively identify a wide range of mistakes.

To encourage the use of SAGE in environments
with limited computing resources, we have distilled
the best model for Russian down to just 95 million
parameters. This distilled version performs com-
parably to GPT-40 ' for EC in Russian and can be
operated on a CPU.

The contributions of the presented work are
summarized as follows:

+ We open source the family of SAGE models?,
jointly providing spelling, punctuation, and
capitalization normalization, as well as the
training code for auxiliary tasks, pre-training,
fine-tuning, and validation procedures. Both
are being distributed under the MIT license.

'openai.com/index/hello-gpt—40/
2HuggingFace: ai-forever/sage
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» We conduct a comprehensive evaluation of
the proposed solution. Although they are not
computationally demanding, our models out-
perform open-source and proprietary multilin-
gual and Russian-specific LLMs, alongside
open-source tools with regard to SEC, PEC,
and CEC tasks in Russian.

+ As the SAGE release includes correction for
capitalization and punctuation, we also ex-
panded the open benchmark introduced in
(Martynov et al., 2024) to account for punctu-
ation and capitalization errors.

» The SAGE models are available for direct
use from the library. We also introduce
an open-access web demo service (see Fig-
ure 1) designed for user-friendly interaction.
It features three models: the best Rus-
sian, multilingual, and distilled options. The

Web demo is available at huggingface.

co/spaces/ai-forever/sage and its in-
terface is demonstrated in Figure 1.

2. Related Work

Research on SEC, PEC, and CEC in Russian
is limited, with most of the work focusing on
SEC (Panina et al., 2013; Sorokin, 2017). The
SpellRuEval competition introduced RUSpellRU,
a corpus of naturally misspelled texts, while Mar-
tynov et al. (2023) presented MultidomainGold,
the first multidomain SEC dataset. Subsequent
improvements by Martynov et al. (2024) incor-
porated two additional corpora, GitHubTypoCor-
pusRu and MedSpellCheck, achieving SOTA with
M2M100 (Fan et al., 2021) and FRED-T5.

Recent approaches frame EC tasks as
instruction-based problems, leveraging zero-
shot LLM prompting.  For Russian, options

include open-source Russian-specific LLMs (e.g.
T-lite 3), open-source multilingual models like
Llama (Touvron et al., 2023; Dubey et al., 2024)
and Qwen (Bai et al., 2023; Yang et al., 2024), and
proprietary models (GPT-40, Claude #, Gemini 5).

Specialized tools for the Russian SEC include
JamSpell, HunSpell and Yandex.Speller®, while
ORFO, Orfogrammka, and retext.ai’ offer com-
bined SEC, PEC, and CEC as proprietary ser-
vices.

83T-lite—instruct-0.1

“anthropic.com/claude
5

6
7

ai.google.dev/models/gemini
yandex.ru/speller
online.orfo.ru, orfogrammka.ru and

retext.ai respectively

3. Datasets

We employ two respective types of datasets for
pre-training and fine-tuning three FRED-T5 mod-
els and mT5 on synthetically generated and natu-
ral errors.

3.1. Pre-train Datasets

Following the work of Martynov et al. (2024), the
Russian pre-training corpus for all models is as-
sembled from equal parts of Russian Wikipedia
and transcribed videos®, comprising a total of 3.5
million samples each. Texts under 40 charac-
ters and those containing non-alphabetic symbols
are removed. The remaining texts are then pro-
cessed employing the Augmentex corruption al-
gorithm proposed in Martynov et al. (2023) with
the default parameters. The resulting pre-training
dataset consists of 6.6 million pairs of corrupted
source texts and their corresponding corrections.
To train the Russian-English mT5 model, we addi-
tionally collected 6 GB of raw texts, equally split
among the News section of the Leipzig Corpora®
and an English Wikipedia dump, and then applied
the same pre-processing steps and corruption al-
gorithm used for the Russian portion. The final cor-
pus for the mT5 model accounts for nearly 25 mil-
lion text pairs. See Table 1 for additional dataset
statistics.

3.2. Fine-tune Datasets

This work employs a combination of training splits
of RUSpellRU and MultidomainGold datasets for
the fine-tuning procedure of three Russian models,
as these corpora represent all available manually
annotated training sets for EC in Russian and con-
tain mistakes from a total of six textual domains.
In order to enable the model to correct punctua-
tion and capitalization errors alongside common
misspellings, both splits have been additionally la-
beled for PEC and CEC tasks.

RUSpellRU and MultidomainGold already con-
tained error corrections, yet only for the SPELL cat-
egory, i.e., without capitalization and punctuation
corrections. To fulfill this gap, we conducted an ad-
ditional annotation step. The task involved making
corrections in cases of missed or misplaced punc-
tuation marks or incorrect capitalization. The anno-
tation was performed by 7 professional editors cho-
sen during a task-specific qualification step, with-
out expert overlap, i.e., with only one answer per
sample.

8yUrukHan/t5-russian-spell_I
Swortschatz.uni-leipzig.de/en/
download/
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HuggingFace
eai-forever/sage-fredt5-large
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£5 Text2Text Generation - Updated Apr 3, 20

eai-forever/sage-v1.1.0
& Text2Text Generation - Updated Nov 19,2024 - <129 - *3

SAGE

Web Service

ccccc

Corrected text:

Mpuger.  iising

Figure 1: The models are available via Web demo and downloads from HuggingFace.

The experts annotated approximately 12K sam-
ples '°. The annotation was conducted on the ABC
Elementary'" platform, and the task layout exam-
ple is demonstrated in Figure 2.

In line with previous works on EC for En-
glish (Muralidhar Jayanthi et al., 2020), we do not
fine-tune the mT5 model on English datasets con-
taining natural errors and instead only employ it for
testing.

Correct errors in the text in accordance with the rules of
the Russian language.

The text may contain punctuation and/or capitalization errors.

9T0 NpvBeso K AeBanbaalun AYXOBHbIX LieHHoCTe anatum
N anoiMTM4HOCTHU

Figure 2: Annotation task layout.

3.3. Evaluation datasets

We use test splits of RUSpellRU and Multidomain-
Gold datasets alongside annotated in Martynov
et al. (2024) Russian parts of MedSpellCheck
and GitHubTypoCorpusRu corpora to comprehen-
sively evaluate the proposed solutions for Russian.
To test the ability of our model to correct punc-
tuation and capitalization errors, the samples in
four datasets have undergone additional annota-
tion for these types of mistakes via the same an-
notation pipeline as the fine-tuning datasets. We
also employ BEA6OK (Muralidhar Jayanthi et al.,
2020) and JFLEG (Napoles et al., 2017) datasets
for mT5 evaluation.

%in 211 hours, with a total annotation cost of $3149
(approximately $14.9 hourly compensation, which ex-
ceeds the minimum wage per hour in Russia)

11elementary.center/

4. Models Training

All models share the same training pipeline, except
for mT5, which is not fine-tuned on data containing
natural errors.

4.1. Models Selection

Generative SEC is shown (Bout et al., 2023; Rothe
et al.,, 2021) to significantly outperform alterna-
tive approaches to SEC, including classification-
and statistics-based algorithms. Considering this
observation, we implemented the resulting solu-
tion in a generative sequence-to-sequence fashion
with mT5 and the only Russian-specific encoder-
decoder architecture FRED-T5. Although recent
trend dictates employing decoder-based architec-
tures and formulating the task in an instruction-
following manner, we have observed that the de-
coder model fails to deliver the same level of per-
formance as FRED-T5 for the Russian language.
For the Russian-specific decoder we compared
FRED-T5 with mGPT-1.3B (Shliazhko et al., 2024)
of 1.3B parameters, which is closest comparable
capacity that does not exceed that of our most ad-
vanced model (1.7B). We selected mT5-large (Xue
et al.,, 2021) of 1.2B parameters for multilingual
encoder-decoder given the architecture of FRED-
T5 is based on that of T5 (Raffel et al., 2020) (see
Zmitrovich et al. (2024)) and it has similar capacity.
We evaluated mGPT-1.3B, mT5-large and three
variants of FRED-T5 on four test datasets from
Section 3.3, the results are available in Table 2.

4.2. Auxiliary Tasks

For the training pipeline, we employ two auxiliary
objectives: (i) identifying types of errors in a source
text and (ii) predicting the correct counterpart for
the token in an original sentence, which are de-
noted further in the text as Error Type Recognition
(ETR) and Correct Token Prediction (CTP), respec-
tively. Both tasks induce cross-entropy loss func-
tion.

9863
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Dataset Size Num. tokens  Avg. length  Num. domains  Avg. #errors  Manual annotation

Pre-training (RU) 6.611.990 633.444.131 95 2 56 No

Pre-training (EN) 24.769.202 1.277.508.738 52 2 31 No
E RUSpellRU 2.000 37.373 18 1 3 Yes
o  MultidomainGold 3.569 170.617 47 5 8 Yes
S RUSpellRU 2.008 37.953 19 1 6 Yes
%  MultidomainGold 4.106 187.836 46 7 6 Yes
3 MedSpellChecker 1.054 38.047 36 1 10 Yes
S GitHubTypoCorpus 868 37.349 43 1 8 Yes
w BEAB0OK 63044 1.549.778 25 4 1,11 Yes

JFLEG 1601 48.897 31 1 1,25 Yes

Table 1: Datasets statistics. Size is a number of samples in a corpus, Num. tokens reflects total
number of tokens in a set for a FRED-T5-1.7B tokenizer and mT5-large tokenizer for English sets (only
erroneous sentences), Avg. length and Avg. #errors correspond to average number of tokens and
errors per text, respectively, Num. domains represents the number of source domains in a corpus, and
Manual annotation represents whether the samples are manually labeled for SEC, PEC and CEC tasks.
SFT and Evaluation aggregate datasets described in Sections 3.2 and 3.3 respectively.

RUSpellRU i i GitHubTypoCorpusRu
Name Pr. Rec. F1 Pr. Rec. F1 Pr. Rec. F1 Pr. Rec. F1 Pr. Rec. F1 Pr. Rec. F1 Pr. Rec. F1 Pr. Rec. F1
s s s P P P s s s P P P s s s P P P s s s P P P
Fred
£ 95M 526 620 569 83.7 21.4 34.1 354 456 399 296 226 25.6 26.7 460 338 124 6.3 84 39.7 430 413 270 183 21.8
g 820M 65.5 659 65.7 844 238 37.1 478 50.6 492 335 224 2638 46.1 525 49.1 362 162 224 52.0 47.6 49.7 293 16.1 20.8
T 17B 718 665 69.0 850 30.1 445 496 51.4 505 346 246 2838 386 51.9 443 237 115 155 529 50.0 51.4 327 157 21.2
s mgpt 596 67.7 63.4 838 36.8 51.1 383 419 40.0 184 142 16.0 280 503 36.0 170 88 11.6 438 482 459 214 158 182
mt5 58.6 64.7 61.5 88.0 27.9 424 421 47.0 444 411 291 34.1 40.8 52.1 458 43.6 30.7 36.0 53.0 50.0 514 379 203 264
Fred
g 95M 80.0 71.0 752 855 784 818 755 674 713 659 61.3 635 492 635 554 746 622 67.8 51.6 46.0 486 412 342 373
2 820M 88.1 822 851 890 853 87.1 79.8 757 77.7 69.7 67.0 68.3 77.0 722 745 747 677 71.0 67.6 54.1 60.1 499 39.2 439
¢ 1.7B 90.0 855 87.7 89.7 86.7 882 805 77.5 790 704 673 688 748 738 743 749 690 718 698 57.0 628 50.2 37.0 426
£ mgpt 828 784 806 848 488 620 62.1 51.4 562 487 323 38.8 653 66.7 66.0 70.8 43.9 54.2 623 51.8 56.6 357 322 33.9
mt5 84.7 79.0 818 86.9 826 847 748 706 726 64.8 62.8 63.8 69.2 66.3 67.7 765 67.4 71.7 63.8 53.3 58.0 49.7 419 455

Table 2: Evaluation scores of models pre-trained and pre-trained then fine-tuned without auxiliary
tasks.RUSpellRU, MultidomainGold, MedSpellcheck and GitHubTypoCorpusRu refer to the test
splits of corresponding datasets. Precision, Recall and F1 are described in Section 5.1 and separately
estimate Spelling and Punctuation corrections. Best values in column with regard to segment (pre-train
or fine-tune) are underlined. FRED-T5-1.7B dominates its counterparts in fine-tune segment and as soon
as the pipeline of the final solution includes fine-tuning on natural error data, FRED-T5-1.7B is better op-
tion for the backbone model for SAGE service with regard to its fine-tune performance.

Error type recognition. Given a sequence of to- , where p,, (t;) is a probability of c; being a correct
kens T = [t1,...,tn,], a finite and fixed (for all ~ counterpart for the source token ¢,.

sequences T') set of all possible error types E =
{e1,...,eny }, and a non-injective correspondence
fr : T — E, the task is to predict fr(¢;),t; € T,
which is formulated in the form of a multilabel clas-
sification loss function

4.3. Training

We first train FRED-T5-820M, FRED-T5-1.7B, and
_ L , _ mT5-large on the pre-training dataset described in
Lirr=—Y ok + A=y =p)] (1) Section 3.1 with two auxiliary objectives from Sec-
eel tion 4.2 on 8 Nvidia H100 for five epochs and 95,

192, and 293 GPU hours, respectively. Following
(Zmitrovich et al., 2024) and (Xue et al., 2021), we
keep the Adafactor optimizer (Shazeer and Stern,
2018) and constant learning rate of 1-10~3 through-
out the pre-training with the total batch size of
1024 samples. The fine-tuning stage for FRED-T5-
820M and FRED-T5-1.7B involves corpora from
Section 3.2 and is performed with the total batch
size of 32 and linear scheduler that decreases
learning rate from 1 - 10~3 to zero. At the pre-

where p!i is the probability of error type e € FE
being injected in token ¢;, y! = Licep, (1)} The
objective for the whole sequence T is given by
Legrr = ZL%‘TR overt;, €T.

Correct token prediction. With the source sen-
tence s represented as a set S = {[t, i1, %,|; };VZTP i1,
i, are the left and right indices of ¢ in s, the respec-
tive correction c is splitinto an ordered collection of
tokens C = [cy, ..., ¢n,.] @nd the following objective

is minimized: training stage, we optimize the total objective of
Nt Lfinal = Lerp + LeTR + LsquSeq: where Lseq?seq
Lerp = — le{c#@}logpcj (t;) (2) Isa cros_s-erjtropy loss. During fine-tuning, only

= Lseqaseq 18 minimized.
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4.4. Distillation

To prepare the student, we reproduced lan-
guage modeling pre-training of FRED-T5-1.7B
from Zmitrovich et al. (2024) for flan-t5-small'2
(Chung et al., 2024) architecture, for which we em-
ployed original FRED-T5-1.7B’s tokenizer and em-
bedding layer.

FRED-T5-95M has been obtained specifically
for the purposes of this work. The architecture is
analogous to flan-t5-small and consists of 8 trans-
former layers with a hidden size of 1024. A byte-
level Byte-Pair Encoding (BPE) tokenizer is uti-
lized, featuring a vocabulary size of 50,257 tokens
supplemented by 107 special tokens. These spe-
cial tokens include task-specific prefixes such as
<LM>, <SC1>, upto <sc6>, which guide the model
during different training tasks.

The training corpus comprises a substantial
300 GB of Russian text. Training was conducted
using a mixture of seven denoising tasks akin to
the UL2 (Tay et al., 2023) framework, but with
several modifications tailored to the model’s objec-
tives. Notably, during the first half of the training
process, the model was trained on a limited sub-
set of the dataset (approximately 1%, equating to
3 GB) and without incorporating task-specific pre-
fixes. The model has been pre-trained for three
epochs with batch size of 512 samples, Adafactor
optimizer (Shazeer and Stern, 2018), learning rate
of 0.01 and sequence length of 512 tokens for both
inputs and generated texts. The total training du-
ration spanned approximately 7 days, leveraging
the computational power of 8 Nvidia A100 80GB
GPUs.

During the pre-training and fine-tuning of the stu-
dent model on error data, we used datasets from
Sections 3.1 and 3.2 respectively, auxiliary tasks
described in Section 4.2, and similar hyperparam-
eters to those employed while pre-training and fine-
tuning of FRED-T5-1.7B, with the only exception
of the total batch size being 8912 samples for pre-
training and 64 for fine-tuning. The additional ob-
jective of Kullback-Leibler divergence between the
logits of the last layers of the teacher and student
models was added, resulting in the total loss func-
tion Lgistin = Lorp + LETr + Lseq2seq + LKL,
which the student model minimized at each stage.

4.5. Model Optimization

The throughput of the trained FRED-T5-1.7B,
which is the largest model in the family, was addi-
tionally increased to 317 tokens per second (11.4
times) through a native PyTorch implementation
and the use of torch.compile. The model
preparation process involves allocating memory

2g00gle/flan-t5-small

for caching, capturing and compiling the compu-
tational graphs of both encoder and decoder, and
warming up the model to force Just-In-Time (JIT)
compilation before performing any inference tasks.

5. Evaluation

5.1.

The metrics used in the experiments calculate pre-
cision, recall and F1 score between predicted and
gold corrections. They are extracted from a tuple
<source, correction, gold>, where predicted and
gold corrections are a list of source modifications
in correction and gold, respectively. We use two
metrics that differ in the algorithm for the extraction
of the modifications.

SpellRuEval (Sorokin et al., 2016) extracts
word-level corrections from a given pair of texts in
a single list, thus the overall metric produces global
precision, recall, and F1 scores. The SpellRuEval
is case- and yofication-insensitive'® (i.e. does not
annotate such corrections) and does not extract
punctuation modifications.

RUERRANT'* (Katinskaia et al., 2022) is a
Russian-language adaptation of the original gram-
matical error annotation toolkit ERRANT (Bryant
et al,, 2017). We further developed this algo-
rithm to account for finer-grained mistakes com-
mon for Russian, which include yofication, punc-
tuation, and capitalization errors.

Metrics

5.2. Human evaluation

Additionally, we evaluated the quality of FRED-T5-
1.7B corrections through expert assessment by
professional philologists and linguists. Experts as-
signed binary scores: 1 for corrections requiring
no manual amendments and 0 otherwise. This
task emulates end-user experience with text cor-
rection tools embedded in messaging platforms
and web applications. Annotation was conducted
with three-way overlap following the instructions
provided in Appendix B.

5.3. Evaluation details

All SEC scores reported in this paper are calcu-
lated using SpellRuEval, so the reported results
are comparable with those reported in Martynov
et al. (2024). Punctuation and capitalization cor-
rections are extracted with modified RUERRANT.
For the evaluation of LLMs, we report only results

'3Yofication (rus. éduxanus) refers to optional use of
the letter “¢” instead of “e”; in Russian both spellings are
acceptable, but some style guides require “€¢”. This is
a separate metric from orthography, since writing “e” for
“¢” is not an orthographic error.

14Askinkaty/errant
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Model RUSpellRU MultidomainGold MedSpellcheck GitHubTypoCorpusRu

Prec. Rec. F1 Prec. Rec. Fi1 Prec. Rec. Fi1 Prec. Rec. F1
& Yandex.Speller 83.0 59.8 69.5 52.9 514 522 80.6 47.8 60.0 67.7 37.5 48.3
c Hunspell 31.3 349 330 16.2 40.1 23.0 10.3 40.2 16.4 28.5 30.7 29.6
§. JamSpell 421 328 36.9 257 30.6 28.0 246 29.7 26.9 495 299 373
GigaChat Max
Spelling 56.6 75.7 64.8 46.6 70.5 56.1 25.1 558 34.6 416 519 46.2
5 Punctuation 73.4 753 743 494 524 50.9 417 459 437 33.8 279 305
ﬁ Capitalization 88.4 88.6 88.6 63.4 75.9 69.1 37.6 56.7 452 32.6 56.6 414
S GigaChat Pro
- Spelling 491 719 584 417 69.8 522 30.8 60.3 40.8 33.2 50.2 39.9
& Punctuation 775 772 77.4 46.7 51.3 48.9 59.0 58.0 58.5 29.6 29.8 29.7
o Capitalization 88.4 844 864 61.0 73.6 66.7 64.0 79.7 71.0 299 54.7 387
'g'. YandexGPT-4 Pro
& Spelling 67.0 827 74.0 548 76.0 63.7 50.2 73.8 59.7 58.0 56.6 57.3
Punctuation 62.7 69.3 65.8 36.5 51.7 4238 47.0 439 454 42.0 37.2 395
Capitalization 88.0 91.0 89.5 63.8 74.7 68.8 70.6 82.8 76.2 429 56.6 48.8
T-lite-instruct-0.1
c Spelling 10.9 445 175 7.0 428 120 26 254 47 7.7 343 126
'5 Punctuation 474 59.9 529 10.0 312 152 31.3 452 37.0 6.7 189 99
o Capitalization 63.4 23.1 339 18.7 322 23.6 20.0 33.0 249 6.9 264 109
o Vikhr-8B-instruct
3 Spelling 13.1 385 195 16.6 46.7 245 57 307 96 151 374 215
5 Punctuation 60.6 65.7 63.0 243 451 316 45.0 50.3 475 121 18.8 147
3 Capitalization 70.8 19.5 30.6 58.0 47.7 524 51.0 299 37.7 19.7 226 21.0
&  Vikhr-12B-instruct
3 Spelling 13.3 38.9 19.8 16.7 46.9 246 57 307 96 153 375 21.7
] Punctuation 61.7 66.5 64.0 244 453 31.8 454 504 47.8 122 189 149
Capitalization 70.7 19.4 304 58.3 47.8 525 545 30.3 38.9 211 245 227
Saiga-Llama3-70B
Spelling 544 654 594 54.8 63.8 58.9 425 571 487 52.0 52.6 52.3
Punctuation 76.8 73.0 74.9 61.1 50.3 552 76.4 59.0 66.6 43.0 247 31.4
Capitalization 90.4 80.5 852 743 67.6 70.8 70.2 46.0 55.6 31.4 30.2 30.8
Llama-3.1-405B
Spelling 55.1 76.1 63.9 452 71.8 555 30.7 654 418 486 554 51.8
Punctuation 67.4 726 69.9 431 55.0 48.4 56.1 59.5 57.7 447 316 37.0
Capitalization 89.1 87.3 88.2 68.7 67.3 68.0 67.3 57.5 62.0 32.8 37.7 351
[ Llama-3.1-8B
g Spelling 249 461 323 27.8 485 354 16.0 43.5 234 255 38.9 30.8
> Punctuation 64.4 56.0 59.9 37.0 404 386 60.0 532 56.4 23.2 257 244
s Capitalization 85.6 64.1 73.3 659 61.2 635 55.0 48.7 51.6 25.0 349 291
£  Llama-3.2-1B
é’ Spelling 34 638 4.5 11.0 152 127 41 10.3 5.9 5.8 8.7 7.0
P Punctuation 31.7 31.7 317 20.2 20.0 20.1 50.1 36.3 42.1 71 134 93
e Capitalization 65.7 33.8 44.6 26.4 214 236 276 23.0 251 6.9 19.8 10.2
3 .
o Qwen-32B-instruct
& Spelling 426 642 513 30.6 61.4 40.8 299 615 403 349 483 405
g Punctuation 67.3 71.0 69.1 49.2 499 496 62.8 51.6 56.7 309 234 267
(¢) Capitalization 89.2 849 87.0 70.5 625 66.3 70.4 67.4 689 32.1 34.0 33.0
Gemma-2-27B
Spelling 544 716 61.8 48.2 68.5 56.6 46.7 65.9 54.7 50.8 54.4 525
Punctuation 78.8 73.8 76.2 39.1 51.6 445 60.2 52.6 56.1 329 339 334
Capitalization 89.7 945 920 69.5 749 721 64.8 747 69.4 39.0 50.0 43.8
= GPT-40
c Spelling 745 87.8 80.6 659 79.1 719 53.2 77.3 63.0 61.2 58.6 59.9
2 Punctuation 716 749 732 55.8 58.2 57.0 73.4 66.7 69.8 424 262 324
o Capitalization 92.0 928 924 76.2 709 735 731 751 744 43.0 46.2 44.6
FRED-T5-1.7B
Spelling 91.1 87.0 89.0 82.1 77.7 79.8 73.8 731 735 70.8 552 62.1
Punctuation 89.5 86.8 88.1 704 68.0 69.2 748 69.5 72.0 50.3 39.6 44.3
Capitalization 95.2 959 95.6 80.5 80.5 80.5 80.9 728 76.6 329 453 38.1
FRED-T5-820M
Spelling 89.0 81.7 85.2 811 749 77.9 721 691 706 68.3 532 59.8
'd-," Punctuation 88.4 84.6 86.5 69.3 67.0 68.2 73.5 659 69.5 52.1 38.0 43.9
% Capitalization 95.5 94.0 94.7 78.6 80.0 79.3 79.3 85.1 82.1 37.3 50.0 427
FRED-T5-95M-distilled
Spelling 83.5 74.8 78.9 772 69.9 734 65.1 64.8 64.9 57.8 48,5 52.7
Punctuation 86.8 80.6 83.6 66.8 63.4 65.0 78.6 63.1 70.0 452 39.5 421
Capitalization 944 925 935 76.8 791 779 63.5 74.7 687 299 46.2 36.3
mT5-large
Spelling 88.4 716 791 65.3 62.7 63.9 77.7 775 77.6 69.5 46.0 55.3

Table 3: Evaluation results of error correction systems. Solutions that are able to perform SEC task
only are evaluated only for spelling errors (see Open API section). The best result in each column
is highlighted in bold, the second best result is underscored. The best results are ranked within the
respective type of errors. Within the SAGE family, FRED-T5-820M and mT5-large (Russian-English) are
included; mT5-large was not fine-tuned on natural punctuation and capitalization errors.
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Model BEAG60K JFLEG
Prec. Rec. F1 Prec. Rec. F1
GPT-40 70.4 88.8 78.6 75.9 88.6 81.8

mT5-large 64.7 83.8 73.0 74.9 88.4 81.1

Table 4: Evaluation metrics of mT5-large. GPT-40
is provided for reference. Although mT5-large is
of only 1.2B parameters, it matches the results of
GPT-40 on JFLEG and still maintains decent per-
formance on BEABOK dataset.

that correspond to the best-performing prompts de-
rived by experimentation. For human evaluation,
we employed a sample of 300 error-containing ex-
amples evenly distributed across the test datasets
listed in Section 3.3).

6. Results and Discussion

We provide the evaluation results in Table 3.
Within each column of the table, bold indicates
the best result and underlining indicates the sec-
ond best, ranked separately for Spelling, Punctu-
ation, and Capitalization rows. Additional results
are shown in Table 4.

FRED-T5-1.7B achieves the best results among
SAGE models and outperforms both open- and
closed-source LLMs and open-access services for
EC in Russian with respect to most of the met-
rics and scopes of errors (spelling, punctuation,
and capitalization), additionally producing correc-
tions that the end-user does not need to amend
in 65% of the cases, according to the results of
experts evaluation (see Section 5.2). The dis-
tilled version (FRED-T5-95M-distilled) is offered
for resource-constrained deployment; its metrics
match those of GPT-40. Although the remarkable
performance of our solutions on the RUSpellRU
and MultidomainGold test sets can be attributed to
the use of the training splits of these corpora during
the fine-tuning stage, SAGE models still exceed
nearly all counterparts on the unseen test parts
of the MedSpellCheck and GitHubTypoCorpusRu
datasets. In addition, FRED-T5-95M-distilled can
be launched on CPU and FRED-T5-1.7B can be
run locally with the cost of 0.82% per 1.16M tokens
on a single Nvidia A100 80GB'5, which is cheaper
than the API of proprietary GPT-40, YandexGPT-4
Pro and GigaChat models.

®Assuming average throughput of 317 tokens
per second for the optimized FRED-T5-1.7B
model, an hour of uninterrupted work results in
3660x317=1.160.220~1.1M tokens, and one hour of
renting Nvidia A100 80GB costs 0.82% (see vast.ai)

7. Demo Serving

System requirements We use a single Nvidia
A100 80GB GPU to deploy SAGE models. To
manage inputs longer than 1,000 symbols (approx-
imately 256 tokens), we segment the initial text
into consecutive blocks of 1,000 symbols or less.
These blocks are then processed sequentially by
the model. During inference, we utilize greedy de-
coding with the temperature set to 1.0. We have
found that constraining SAGE models in terms of
generation diversity tends to result in copying the
input.

User experience The Web demo includes a
user-friendly form for selecting models, entering
text, or choosing from random samples, along with
an error indication mode that highlights and cat-
egorizes mistakes. Additionally, the user inter-
face includes a ‘Copy’ button that enables users
to save the corrected text without any error markup.
Both options provide three models to choose from:
the advanced model, its distilled version, and the
Russian-English model.

8. Conclusion

We introduced SAGE, an efficient open-source
framework for the joint correction of spelling, punc-
tuation, and capitalization errors in Russian and
English texts. SAGE addresses the limitations of
LLM-based approaches while avoiding the compu-
tational and privacy costs associated with propri-
etary models. Our 95M Russian model matches
the performance of GPT-40 on CPU, and evalu-
ations demonstrate superiority over existing tools
and LLMs across all error correction tasks. The
open release includes a family of models, a public
training code, and an expanded benchmark. Ad-
ditionally, SAGE can be utilized in a library, as a
system demo providing practical solutions for error
correction in resource-constrained scenarios.

Limitations

Length Although our models achieve strong re-
sults and demonstrates SOTA performance in
spelling error correction tasks, the limited context
window size of 1024 tokens restricts its application
in long-context scenarios. The evaluation datasets
vary in length but are primarily designed for sen-
tences rather than longer texts. This approach is
not correlated with overall quality since any text
can be divided into smaller pieces. While the train-
ing dataset includes various lengths, they are con-
strained to fit within the model’s context.

9867


https://vast.ai

API limitations The current solution aims to
strike a balance between size and quality. The
demo operates in a synchronous manner since it
is not a high-load service. The API provided is
intended for demonstration purposes and will be
scaled further for production use.

Optimization approach and architecture limita-
tions In Section 4.1, we outlined the rationale for
selecting the encoder-decoder architecture among
open Russian models. However, other architec-
tures beyond transformers merit further investiga-
tion, which we plan to explore in future research.

This study did not employ optimization methods
that are incompatible with the T5 architecture. For
example, TensorRT-LLM (irt, 2024) supports vari-
ous quantization techniques for decoder-only mod-
els, which can be used alongside kernel optimiza-
tion. However, for models like T5, TensorRT-LLM
only provides support for kernel optimization, and
this is restricted to models that use the Hugging
Face Transformers API (Wolf et al., 2020).

At the time of this work, the vLLM framework
(Kwon et al.,, 2023) provided KV cache man-
agement, quantization, and kernel optimization
methods exclusively for decoder-only models (iss,
2023). The framework’s API made it challenging to
extend support to encoder-decoder architectures,
as managing KV caches for hidden states in cross-
attention layers is necessary, a feature not present
in decoder-only models (Vaswani et al., 2023). Al-
though this limitation was later addressed, and
vLLM now supports encoder-decoder models, it
still lacks full compatibility with T5-like models (iss,
2024) due to the custom position bias used in
these architectures.

Few-shot evaluation All competing LLMs were
evaluated in a zero-shot setting to emulate real-
world usage patterns for spelling and punctuation
correction. Although few-shot evaluation is ex-
pected to improve the performance of competing
models, the breadth of Russian orthography and
syntax substantially limits the generalizability of
few-shot prompting; therefore, the results are not
expected to deviate significantly from those ob-
tained in the zero-shot setting.

Ethics Statement

Bias and Fairness LLMs can reflect and re-
inforce the biases present in their training data.
Spelling correction issues can unintentionally re-
sult in stereotypes, particularly when correcting
words or names associated with underrepresented
or marginalized groups. For example, the API
might prioritize standard Russian spellings and in-
correctly mark culturally significant names or terms

as errors. To mitigate this issue, we ensure that
our training data is diverse and representative,
making a concerted effort to include various do-
mains in the data and test the demo on a multi-
domain benchmark. However, it is essential to
note that we do not aim to cover dialects or specific
language variations within minority groups, as the
demo is designed to utilize standard Russian.

Privacy and Security Spelling error correction
APls typically process user-inputted text, which
may contain sensitive or personal information. We
do not store or misuse the data it processes in the
current API.

Misuse and Overreliance The usage of the
spelling APl improves spelling accuracy but may
cause users to over-rely on it, ignoring learning
language rules or critically assessing corrections.
We understand these risks and encourage users
to avoid misusing the API.
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A. List of Models and Services

In this section, we provide a list of LLMs and ser-
vices that we employed for evaluation alongside
the SAGE models on the test splits of datasets de-
scribed in Section 3.3. The models are selected
based on their performance on Chatbot Arena'®
(Chiang et al., 2024), Russian LLM Arena'” and
MERA leaderboard'® (Fenogenova et al., 2024).

General information on the models and services
is given below. Table 5 lists the evaluated LLMs
and spelling services with their parameters, con-
text length, and references.

B. Human Evaluation Instruction

This section provides an instruction employed for
expert annotation procedure explained in Sec-
tion 5.2. The instruction reads as follows:

You will be provided with text pairs: an original
Russian sentence that may contain errors, and a
corrected sentence. The corrected sentence was
obtained through automatic correction of the origi-
nal sentence. The correction was generated using
the SAGE generative model. The task is to evalu-
ate how well SAGE performs error correction.

The original sentence may contain spelling, gram-
matical, punctuation errors, and/or errors related
to incorrect case usage ("london" instead of "Lon-
don").

SAGE should correct all such errors when present,
while considering the text style when making cor-
rection decisions. In other words, if the text repre-
sents social media correspondence using vocab-
ulary characteristic of conversational style, SAGE
should not correct it to dictionary equivalents.
For example, if the original sentence is "Ya poshel
domoy i taaaaaaaaak dolgo zhdal poka lift priedit”,
the ideal correction we expect from SAGE would
be "Ya poshyol domoy i taaaaaaaaak dolgo zhdal,
poka lift priedet.".

16https ://1lmarena.ai
"https://llmarena.ru/
Bhttps://mera.a-ai.ru/en
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Model Parameters Context length Link to source Citation

GigaChat Max — 32k
GigaChat Pro — 32k https://giga.chat —
GigaChat Plus — 32k

§  YandexGPT-4 Pro — 32k ya.ru/ai/gpt-4 —

°

E° T-lite-instruct-0.1 7B 8k T-lite-instruct-0.1 —

]

& Vikhr-8B-instruct 8B 128k Vikhr-Llama3.1-8B-Instruct -

<

& Vikhr-12B-instruct 12B 128k Vikhr-Nemo-12B-Instruct Nikolich et al. (2026)

c

<

: Saiga-Llama3-70B 11.3B 8k saiga_llama3_70b_sft —_

o

E Llama-3.1-405B 405B meta-llama/Llama-3.1-405B-Instruct
Llama-3.1-70B 70B 128k meta-llama/Llama-3.1-70B-Instruct Dubey et al. (2024)
Llama-3.1-8B 8B meta-llama/Llama-3.1-8B-Instruct
Qwen-32B-instruct 32B 8k msu-rcc-lair/RuadaptQwen-32B-instruct  Tikhomirov and Chernyshev (2023)
Gemma-2-27B 27B 8k google/gemma-2-27b-it Gemma et al. (2024)
GPT-40 — 128k openai.com/index/hello-gpt-40/ —

@ Yandex.Speller — — yandex.ru/dev/speller —

‘;’ Hunspell — — hunspell.github.io —

@ JamSpell — — github.com/bakwc/JamSpell —

@

Table 5: General information about LLMs and services employed for the evaluation.

This example demonstrates the ideal case of
SAGE'’s performance and what we ultimately ex-
pect from jt. For all text pairs shown to you, we
have ideal corrections, and we can automatically
verify how many errors SAGE corrects and how
many it leaves uncorrected. However, the goal of
the current task is to measure user satisfaction with
SAGE’s performance. In other words, we aim to
understand in how many cases SAGE will produce
a correction that the user (i.e., annotator in this
case) would not need to manually revise again.
Thus, the primary objective of this annotation
lask is to measure how "acceptable” SAGE'’s pro-
posed corrections are from the end-user perspec-
tive, rather than from the standpoint of automatic
metrics.
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