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The article proposes a mnew architecture based
on Multi-head attention to solve the problem of mor-
phological tagging for the Russian language. The pre-
processing of the word wectors includes splitting
the words into subtokens, followed by a trained proce-
dure for aggregating the vectors of the subtokens into
vectors for tokens. This allows to support an open
dictionary and analyze morphological features taking
into account parts of words (prefizes, endings, etc.).
The open dictionary allows in future to analyze words
that are absent in the training dataset.

The performed computational experiment
on the Sintagrus and Taiga datasets shows that
for some grammatical categories the proposed ar-
chitecture gives accuracy 98-99% and above, which
outperforms previously known results.  For mnine
out of tenm words, the architecture precisely pre-
dicts all grammatical categories and indicates when
the categories must not be analyzed for the word.

At the same time, the model based on the proposed
architecture can be trained on consumer-level graphics
accelerators, retains all the advantages of Multi-head
attention over RNNs (RNNs are not used in the pro-
posed approach), does not require pre-training on large
collections of unlabeled texts (like BERT), and shows

higher processing speed than previous results.

Introduction

Morphological tagging is the process of au-
tomatically identifying and classifying gram-
matical characteristics of words in a text. It
remains one of the key tasks in the field of
computational linguistics and its application

in software engineering. The successful so-
lution of this problem can have great im-
portance both in fundamental linguistics, be-
cause in many cases it turns out to be inextri-
cably related to the solution of the problem
of homonymy removal, and to a number of
purely practical applications, including ma-
chine translation, sentiment analysis, infor-
mation extraction, identification of linguis-
tic patterns, etc., because it allows to clarify
the meaning and content of the text. The
problem of homonymy is particularly acute
in creating audiobooks, since the ambiguity
of grammatical attributes leads to frequent
errors in stress positioning.

Solving this problem by a human often in-
volves understanding the meaning of a text,
because it often requires determining the
grammatical characteristics of fictional words
that are absent in dictionaries. Such a task
arises when processing fiction texts in the
fantasy genre, which are characterized by the
authors’ desire to build fictional worlds. The
possibility of processing fictional words will
be further denoted by the term jjopen dictio-
naryj,;.

The development of AI technologies can
make a new significant contribution to solv-
ing this problem. In this work, special at-
tention is paid to the idea of using the
multi-head attention (MHA) architecture
(Vaswani, 2017 [I]) in its plain form, i.e.
without building a transformer for training
on large texts collections, which can be ob-
served in previous solutions based on the
BERT model (Devlin, 2019 [2]). The use of a
plain variant of the MHA architecture makes
it possible to significantly reduce the need for
computing resources that can be faced when
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using BERT, make it possible to train a cus-
tom model on user data using consumer-level
graphics accelerators. This also provides sup-
port for an open dictionary without notice-
able losses in the quality of solutions com-
pared to the best results obtained for the
Russian language.

1 Related Work

The problem of morphological tagging in
computational linguistics has a long history
of research, which can be divided into three
stages. The following three stages are the ap-
proaches based on statistical methods or neu-
ral networks. The approaches based on ana-
lytical grammars or any other formal struc-
tures, including dictionaries, are not consid-
ered there due to their extremely limited ca-
pabilities and narrow scope of application.

At the first stage, general statistical meth-
ods were used, including hidden Markov
models (HMM, Rabiner, 1986 [3] ) . In
some of them, the tokens of the source text
were declared observable states, and the cor-
responding grammatical attributes were hid-
den states. After that, it’s necessary to use
the Viterbi algorithm (Viterbi, 1967 [9]) to
determine the most likely sequence of hidden
states based on statistical data obtained from
the analysis of marked-up text bodies for the
Russian language. The disadvantages of this
method include its inability to work with an
open dictionary.

The second stage is characterized by the
use of neural networks before the appear-
ing of the transformer architecture. At this

stage, attempts were made to use recurrent
neural networks (RNN, Elman, 1990 [g]).

RNN'’s are usually used in conjunction with
memory models, including LSTM (Anas-
tasiev et al, 2018 [4]) or GRU (Movsesian,
2022 [5]). RNN’s have significant draw-
backs comparing with transformer-based ar-
chitectures, which authors made major ef-
fort to eliminate them from NLP tasks. Two
disadvantages of RNN’s should be especially
highlighted:

e Sequential operation mode: each subse-
quent element in the RNN is processed
only after the previous one, what makes
parallel data processing difficult and pre-
vents the effective use of modern graphics
accelerators

e Unequal influence of the elements at the
edges of the input sequence compared to
the elements in the middle part of it.

The third stage, which is the most sophis-
ticated, includes various attempts to apply
various forms of the transformer architec-
ture. In particular, the BERT model. This
is a class of the most advanced algorithms
that show the state of the art level of qual-
ity, but at the same time, it often remains
extremely resource-consumptive both in the
sense of computing resources and in the sense
of available training data.

In this category of models, the morpholog-
ical tagging tool based on the BERT model,
proposed by the MIPT DeepPavlov labora-
tory [11], should be noted. Our research
shows that the use of the BERT model itself
has a moderate effect on the result compar-
ing to the plain MHA , while BERT assumes a
long training procedure on an unlabeled cor-
pus of texts using industrial graphics accel-
erators, not needed with the plain MHA.



2 Model Description

2.1 Tokenization

Before discussing the architecture of the
model and the calculation pipeline, we should
choose the tokenizer. As in any other lin-
guistic algorithm or deep learning linguistic
model, the tokenizer plays an important role
in the described here architecture, splitting
text data into smaller elements.

An obvious solution at first glance, in
which the “one token - one word” rule is ap-
plied, cannot be applied because the archi-
tecture will not be able to process words that
were missing at the stage of tokenizer train-
ing. In this case, we would get an architec-
ture with a closed dictionary, which we con-
sider to be a significant drawback, which can
be observed, for example, in the Word2vec
architecture (Mikolov, 2013 [10]).

Having accepted the inadmissibility of the
formation of tokens on word boundaries, two
approaches were considered instead: Byte-
pair Encoding (BPE) (Kozma, 2024 [13]) and
n-grams like in the Fasttext architecture (Bo-
janowski, 2016 [12]). Both of these options
allow for text analysis with open dictionary
support.

BPE is a data compression algorithm that
is based on the idea of sequentially replac-
ing the most common byte pairs with a new,
previously unused byte. BPE starts by ana-
lyzing the frequency of occurrence of all pos-
sible byte pairs in the original dataset and
then iteratively replaces the most frequently
occurring pairs with a new character. The
process continues until a specified stopping
criterion is reached, for example, a certain
dictionary size or data compression ratio.

It’s necessary to keep in mind that
the quality of morphological analysis may
potentially depend on how the word is bro-
ken down into tokens. The BPE tokeniza-
tion algorithm was chosen because of its flex-
ibility. It offers the possibility of choosing
the threshold for the occurrence of neighbor-
ing tokens to merge them into one token.
This parameter can be used to adjust both
the size of the dictionary and the size of to-
kens (in terms of the number of characters).
The lower the value of the token occurrence
threshold, the more tokens a word will be
split into. If the parameter value is high, the
tokens tend to be whole words.

To study the risk of influence of BPE
on quality, seven morphological classifier
models with different parameters of the
threshold frequency of token merging were
trained. Since the minimum frequency of to-
kens appearing together to combine them is
a relative value and depends on the training
data, we will provide values for the dataset
used for training and testing the model.
Seven values of the threshold frequency of
merging were selected for testing.: 500, 600,
800, 1000, 1200, 1400, 2000. As a result, they
all showed approximately the same results.
The discrepancy of accuracy in predicting all
grammatical attributes of a word and accu-
racy in predicting the entire sentence is no
more than 1%. There was no strict linear re-
lationship between the quality and the value
of the minimum frequency of fusion.

As a part of a computational experiment,
we tried to determine the optimal value of
the dictionary length, checking its influence
on the quality of the model. The results
showed that for Russian, the best behavior



of the model is achieved with a dictionary
length of 2198 tokens.

The n-gram tokenizer from the FastText
model is an algorithm for splitting text into
tokens using a pre-trained vector representa-
tion model of words. n-grams are all possi-
ble substrings of a certain length n extracted
from a word. This approach is considered as
an additional option for the development of
our architecture for further research.

2.2 Word representation

As mentioned in the previous section, a word
is represented not by a single token, but by
a sequence of tokens. Without this feature,
open dictionary support would not be possi-
ble.

The representation of a word by several to-
kens led to two features in the implementa-
tion of the proposed architecture:

1. It is required to limit the length of each
word in tokens to a certain fixed value.
A length value of six corresponds to a
quantile of 0.98 in a fraction of words. It
was selected, and all words with a length
of more than six tokens were cut off.

2. When calculating gradients on the re-
verse pass of the model operation with
the error backpropagation, the vectors
included in the corresponding word were
summed.

Since we are solving the task of classify-
ing the attributes of words, when the model
is trained, each word is assigned the correct
value of the grammatical attribute, which
is compared with the one obtained by the

model during the forward pass. The mul-
tiplicity of tokens for word representation
requires us, in addition to the approach pro-
posed above, to consider the alternative ap-
proaches:

1. Assign a grammatical attribute to only
one word token. For example, only the
last one or only the first one.

2. Assign a grammatical attribute to all to-
kens of a word.

These two approaches were not considered,
since the first would obviously lead to loss of
information, and the second would lead to its
unjustified mixing.

2.3 Basic Encoding of segments

At each step, the architecture performs pro-
cessing of the four-dimensional tensor:

e a set of segments for one batch
e words in each segment
e tokens in each word

e vector representation of each token in
the form of an embedding

The general calculation procedure can be
described as follows:

1. The positional encoding (RoPE) is ap-
plied to each token inside each word.

2. The dot product attention is calculated
inside each word for tokens included
in this word. Thus, if there are n words in
the segment, then dot product attention
is calculated n times.
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Figure 1: Data processing pipeline

3. Calculation of the score of the token (con-

tribution of the token to the overall rep-
resentation of the word). To do this, the
results of the previous step are processed
using a fully connected network with sub-
sequent processing by the softmax() func-
tion.

. The wvectors of token representation
within a single word are aggregated into
a common vector of word representation
by summation with multiplication by the
coefficient obtained at the previous step.

ot

5. The application of positional encoding is

repeated once again, but this time at the
word level.

. The resulting tensor is processed by four

transformer encoder blocks in their orig-
inal form.

. The obtained encoding results are pro-

cessed by a feed-forward network with
one hidden layer, which plays the role of
a classifier, assigning to each word an ap-
propriate grammatical feature.



3 Dataset

Two datasets were used for training and val-
idation: UD SynTagRus ver. 2.16 [6] and UD
Taiga ver. 2.17 [1].

Here are the characteristics for each
dataset:

Information about SynTagRus samples:

e Train: 69629 sentences total, 1205821
words total, average sentence length is
17.32 words

e Dev: 8906 sentences total, 153585 words
total, average sentence length is 17.25
words

e Test: 8800 sentences total, 157978 words
total, average sentence length is 17.95
words

Information about Taiga samples:

e Train: 119407 sentences total, 1717332
words total, average sentence length is
14.38 words

e Dev: 1260 sentences total, 15624 words
total, average sentence length is 12.4
words

e Test: 1217 sentences total, 15440 words
total, average sentence length is 12.69
words

The model has been trained on the merged
dataset SynTagRus + Taiga:

e Train: 189103 sentences total, 2930617
words total, average sentence length
equals to 15.5 words

e Dev: 10166 sentences total, 169209 words
total, average sentence length is 16.64
words

e Test: 10017 sentences total, 173418
words total, average sentence length is
17.31 words

4 Experiments

4.1 Metrics

The morphological tagging problem is a clas-
sification problem, and therefore standard
classification metrics are used to assess
the quality of its solution. These include:

e accuracy: reflects the proportion of cor-
rectly classified items among all classified
items

e recall: represents the proportion of cor-
rectly identified positive cases among all
actually positive cases

e precision, which determines the propor-
tion of correctly classified positive cases
among all cases classified as positive

e F'1: the harmonic mean between preci-
sion and recall, allows a balanced assess-
ment of classifier effectiveness

4.2 Experiment Setup

The proposed architecture was implemented
as a PyTorch-based library developed
in Python language. To reproduce the
results, the library source code is open and
publicly available on GitHub (the link is
obscured to keep anonymity). Training and
testing was carried out on nVidia RTX 4090
graphics accelerator. The AdamW optimizer
is used with A = le — 5. The batch size is
equal to 96. The training process includes 35
epochs with a change in the learning rate in



three stages (variable value of learning rate
we take as a Precaution measure to prevent
overtraining):

e for the first 15 epochs, the learning rate
was le-4

e followed by 10 epochs of learning rate He-
5

e then 10 more epochs of learning rate 1le-5.

The training process takes approximately
8-12 hours depending on the accelerator
model. The resulting model has the size of
195MB and has 48792985 weight parameters.

5 Results

The results of the computational experiment
of predicting the individual categories are
shown in the Table [ The average ac-
curacy is 99.05233%. Since we are un-
able to find the same estimation for BERT-
based architecture by DeepPavlov, we have
tried to make our own run of that model
and got the accuracy 98.98%. RNNMorph
(Anastasiev, 2018 [4]) gives the accuracy
of prediction of upos equal to 98.33%, while
the proposed architecture gives better accu-
racy for upos equal to 98.463%.

For the case of predicting all categories
of a word the proposed architecture shows
accuracy 95.3559%. The following cate-
gories were taken into account: upos, Mood,
VerbForm, Person, Animacy, Degree, Vari-
ant, Number, Gender, NumForm, Case,
Tense, Voice. For the same set of cate-
gories the GRU-based architecture (Movs-
esyan, 2022 [5]) provides accuracy 93.88%.

The BERT-based approach shows the ac-
curacy of predicting all categories equal
to 97.6%. Though it is clearly better than
obtained by proposed architecture, we are
unable to be sure that this results can be
comparable, because the authors do not give
the exact list of the categories being an-
alyzed. Using different sets of categories
gives different results: for example, the set
of categories we mentioned previously (upos,
Mood, VerbForm, Person, Animacy, Degree,
Variant, Number, Gender, NumForm, Case,
Tense, Voice) isn’t their full list which can
be found in the dataset. If we test the full
list of categories, the accuracy plummets
to 84.861%. So this number is highly de-
pendent on the exact list of categories being
tested.

We must admit that in some situations
the BERT-based architecture by DeepPavlov
can outperforme the proposed one and,
in common sense, it is impossible to clearly
state that one of these architectures is abso-
lutely better than another (though the differ-
ence, very likely, will be not significant), but
the proposed architecture requires only 48M
of weight parameters what is clealy less than
their number in BERT which is usually equal
to 400M and higher. In addition, the whole
collection of training data can be processed
on one consumer-level graphical accelerator
and requires approximately 8-12 hours, what
opens new research potential for institutions
without professional-level hardware. Using
the proposed architecture makes no depen-
dence on training collection used for BERT
training.

The  prediction of all categories
for all words in a sentence is also highly



Sentence

Feature | Accuracy Precision  Recall F1
accuracy

upos | 0.98463  0.77898  0.96833 0.96679 0.96684
head | 0.91923  0.48346  0.88273 0.88545 0.87740
deprel | 0.94271 0.47067  0.82724  0.84452 0.82797
Mood | 0.99874  0.97944  0.94718 0.96784 0.95057
NumType | 0.99758  0.96008  0.85935 0.90408 0.87672
VerbForm | 0.99781 0.96325  0.98734  0.98938 0.98805
ExtPos | 0.99828  0.97152  0.74604 0.79496 0.75973
Reflex | 0.99974  0.99558  0.97378 0.99896 0.98476
Polarity | 0.99443  0.91508  0.70643 0.80416 0.73642
Typo | 0.99997  0.99954  0.97825 0.97825 0.97825
NameType | 0.99388  0.90930  0.74352 0.73691 0.72995
InflClass | 0.99851 0.97780  0.93738 0.84559 0.87151
Person | 0.99861 0.97610  0.99460 0.98794 0.99062
Poss | 0.99927  0.98720  0.96347 0.99191 0.97625
Animacy | 0.98732  0.81833  0.97048 0.96883 0.96951
Degree | 0.99115  0.86345  0.90006 0.92511 0.90894
Foreign | 0.99947  0.99241  0.94309 0.88598 0.90439
Variant | 0.99930  0.98816  0.98418  0.99008 0.98686
Number | 0.99097  0.86803  0.98990 0.98949 0.98968
Gender | 0.98663  0.81431  0.98090 0.97924 0.98000
NumForm | 0.99829  0.97180  0.94471 0.97535 0.95617
Aspect | 0.99686  0.94701  0.98643 0.98754 0.98691
Case | 0.98395  0.79896  0.96960 0.96860 0.96895
PronType | 0.99495  0.91836  0.90288 0.90052 0.89366
Tense | 0.99724  0.95323  0.97064 0.97289 0.97033
Abbr | 0.99868  0.98001  0.84428 0.89351 0.85648
Voice | 0.99579  0.92929  0.96404 0.96103 0.96189

Table 1: Quality of recognizing all grammatical categories.

dependent of the list of categories being head attention,
process. If we take into account absolutely tested. It has the following characteristics:

all categories in the dataset, the result shows
that approximately every fifth sentence
(22%) can be identified fully correctly, but
we still unaware could this result be com-
pared with other results due to unclear list
of categories.

Conclusion

An architecture for morphological tagging
for the Russian language based on the Multi-

has been proposed and

e Supports an open dictionary and is able
to process words absent in the training

dataset

e Does not use recurrent calculations and

can be used in highly parallel manner

e For most grammatical categories, recog-
nition accuracy is 98-99% or higher, and
for the full set of all word categories, the
accuracy is close to 90%



e Able to indicate the absence of grammat-
ical categories for those words for which
they are irrelevant

e Performs subtokenization of words and
analyzes individual parts of a word, cal-
culating their contribution to the encod-
ing vector

e Does not require pre-training on large un-
labeled collections of text with the use
of clusters of industrial graphics acceler-
ators;

e Capable of learning and operating

on consumer-level graphics accelerators

e Shows an increase in processing speed
compared to other architectures

The proposed architecture requires contin-
uing research for a more precise evaluation
of the control parameters necessary to build
components based on it for practical use. Ar-
eas of further research include testing the ar-
chitecture for solving the problem of mor-
phological tagging in situations where the se-
quence being analyzed is not a fully written
word, but an abbreviated entry that requires
more attention on context rather than on in-
ternal structure analysis.
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