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B paHHOI cTaTbe onucaHa Hawa MoAesb, UCMosb30BaHHas B COPEBHO-
BaHun GramEval2020 no mMopdosiornieckoMmy aHanuay, neMmmaTtusauum
1N CUHTaKCU4YeckoMy aHanmady. Hawa moaenb ocHoBaHa Ha BUdUHHOM Me-
XaHM3Me BHUMaHus n apxutektype BEPT. EE oTAanynTensHOM 4epTonm 9BNS-
eTcs ncnonb3oBaHne oTaenbHoM moaeny BEPT ang kaxaoro xaHpa un Ha-
cTpotiika 6a30B0OI MOAENN HA AOMEHHbIX AaHHbIX, & TakXe UCMOoNb30BaHne
npasun Ans yHudukaumm paaMmeTku.

Hawa mopenb 3aHana BTOpPOe MECTO B COPEBHOBaHWW, Mokasas
cpepHee kadecTtBo 90,8% no 4 3agaHuaM n 6 npegMeTHbIM 06nacTam,
B TO BpeMsi kak pe3ynbtat nobeautens coctasmn 91,7 %.

KniouyeBble cnoBa: MopdONOrnyeckmini aHanns, neMmmaTmn3daumns, CUHTaKk-
cuyeckuii aHanms, noobyyeHune, BEPT

1. Introduction

Automatic processing of morphology and syntax have been a part of Natural Lan-
guage Processing (NLP) for several decades. Introduction of end-to-end deep learning
pipelines [7], embeddings pretraining ([17], [18]), and char-level features [16] have
all contributed to rapid improvement of NLP in general and grammatical features
extraction systems in particular. This trend was enhanced by a recent introduction
of pretrained language models and context-dependent embeddings such as ELMo
[22] and BERT [8] leading to a drastic improvement for an overwhelming majority
of NLP tasks including grammatical tagging and parsing.
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Dependency parsing has seen a similar evolution of its own in the last half-de-
cade. This process was kick-started by [5] who introduced deep learning into transi-
tion-based parsing [20]. Two years later [12] were able to successfully utilize RNNs
in both transition-based and graph-based dependency parsing. While their work
allowed for a remarkable increase of graph-based parsing quality it wasn’t until [9]
model before graph-based parsing dethroned transition-based parsing as a state-of-
the-art (SOTA) parsing approach. Most models introduced after 2017 follow the path
tread by Dozat and Manning and implement biaffine attention with different feature
sets, first utilizing ELMo and most recently BERT.

Currently the best performing dependency parsers for English are immediate suc-
cessors of HPSG model introduced in [24]. The most important feature of this fam-
ily of parsers is joint learning on dependency and constituency trees. Unfortunately,
this makes utilizing HPSG-style parsing for Russian an extremely complicated task
since there are no publicly avaliable annotated corpora or constituency parsers. While
we would like to explore the possibility of utilizing proprietary parsers such as Com-
preno [ 1], for now this remains for future work. Given these considerations we decided
to base our model on biaffine attention of Dozat and Manning [9] with BERT-based
token features. This approach is common in modern NLP and is utilized, e.g., in [13]

Section 2 describes GramEval-2020 shared task and the corpora made avail-
able for it. Section 3 gives an overview of our model. Section 4 describes the pro-
cess of training and provides the evaluation results. Section 5 contains analysis
of our model performance as well as the discussion on the representativeness of the
Shared Task results for the processing of Russian morphology and syntax. Finally,
Section 6 provides conclusion and outlines our plans for future work.

2. GramEval-2020 and Corpus Analysis

GramkEval-2020 [21] is a shared task on part-of-speech (POS) and full morpho-
logical tagging, lemmatization and dependency parsing of Russian texts. Parsing was
scored with labeled attachment score (LAS) while the other three tasks with accuracy.
The participants systems were ranked by an aggregate measure on all four tasks.

For training GramEval-2020 organizers provided not a single corpus, but rather
a collection of several disjoint corpora of different origins and genres.

Train set consisted of the following subcorpora:

1. SynTagRus [10] corpus of dependency parses from UD [19] (= 62k sen-
tences). Mostly contains texts of general domain.

2. MorphoRuEval2017 [23] morphologically labeled corpus with semi-auto-

matic syntactic annotation. Contains texts of general domain and of social

networks from GIKRYA.

Poetry corpus (= 0.9k sentences). Contains poetic texts from Taiga.

4. Social networks corpus (= 2.3k sentences). Contains social media texts from
Taiga.

5. Wikipedia texts from GSD (about 5k sentences). Contains texts of general
domain and technical texts.

w
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6. XVII century corpus(= 1.2k sentences). Contains Middle Russian texts both
in original and in an adapted orthography (where symbols not present in mod-
ern Russian were substituted by their closest analogues e. g.” was substituted
with ‘E’; the rest of spelling remained unchanged). In total, approximately
60% texts of train set were in original orthography and 40% in adapted.

Development set consisted of subcorpora 3—-6 as well as news subcorpora from
Lenta.ru (each subcorpus contained 40-70 sentences). Test set included the same
sources as the development one and a fiction subcorpus.

3. Model Overview

3.1. Pipeline

The Shared Task data clearly consists of 4 isolated segments whose syntax may
differ significantly: social media, poetry, historical (XVII century) texts and general
domain. For the XVII century subcorpus its morphology and even graphics is also spe-
cific. We expect that there is no single tagger and parser that works for all domains
equally well. Therefore we apply a separate model to each domain. Consequently,
we use the following pipeline (see subsequent subsections for the description of its
components):

1. The classifier predicts a domain label given the input sentence.

2. The morphological tagger outputs a sequence of morphological tags given
the tokenized sentence.

3. The lemmatizer yields the source form of the word based on its tag and the
word itself.

4. The dependency parser reconstructs the dependency tree given the to-
kenized sentence. The parser does not take morphological tags into account.

5. Several rule-based postprocessors modify tag and lemma to match the an-
notation standards. Some of the postprocessors use only the word, its lemma
and tag, several other are domain-specific and hence use the class label
as well. Some postprocessors also utilize tags of the words in the neighbour-
hood to fill the missing morphological features.

3.2. Classifier

We experimented with three different architectures of domain classifier: fast-
Text [3] classifier, BERT [8] classifier and a classifier based on logistic regression over
character ngrams. The two latter models have shown comparable results (approxi-
mately 91% macro F-score). Since logistic regression is both less computationally ex-
pensive and easier to interpret and tune we decided to choose the latter one.

We trained the domain classifier on the provided training data. Since the develop-
ment set is too small to measure performance on it, we left one-quarter of the original
training set as the held-out data (this approach was used only to detect the genres).
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3.3. Morphological tagger

Both part-of-speech and full morphological tagging can be considered as se-
quence labeling tasks. Thus one can approach both tasks using standard sequence
labeling techniques. In our model we used BERTSs for tagging in the same way as [8]
treats named-entity recognition task (see figure below).

By E E 2

LI I 1
([CLS] W[ Tok 1 ] Tok 2
|
[

Single Sentence

Figure 1: lllustration from [8]

3.4. Lemmatizer

In order to generate possible lemmas we used PyMorphy 2.0 [14] for initial
lemma generation and several postprocessing rules to deal with format mismatch.
Since PyMorphy outputs several possible variants, we select the one corresponding
to the tag predicted by the morphological tagger using the DeepPavlov library [4].

3.5. Dependency parser

As mentioned earlier, for dependency parsing we used biaffine attention net-
work [9] built over BERT contextualized word features (fine-tuned separately for each
genre).

Going into more detail, given a contextualized token representation w;, we gen-
erate 4 vectors head; @, dep; @, head,"*? and dep;"®" using multi-layered percep-
trons. head;@ and dep;"D are used to predict the probability of a token being an arc
head and arc dependent respectively. In order to generate score for arc from token
w; to token w; we use biaffine attention as follows:

i@ = head; @ - A - depj@ + head;@® - b.
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These scores were transformed to probabilities using standard SoftMax layer.
These probabilities are used to produce a maximum spanning tree i. e. dependency
tree with the highest probability using Chu-Liu/Edmonds algorithm [6], [11].

Given the dependencies, head;"*" and dep;"D can be interpreted and combined
in a similar way to generate a probability distribution over all possible dependency
labels using a biaffine classifier.

3.6. Postprocessors

We apply several rule-based postprocessors. There main goal is to manually
transform the outputs of all models to the same format. For example, not all datasets
annotate Animacy of the adjectives. This information can be copied from the par-
ent node of the adjective, however, this requires the precence of syntactic tree. Other
postprocessors use only the word itself or/and its lemma/tag. Our final model con-
tains the following postprocessing stages:

1. Emoji postprocessor that uses the Emoji library.

2. Adjective animacy postprocessor.

v

3. Pronoun umo/komoputil “what/which” postprocessor, that fills the gender/
number information for these words. It finds the antecedent of the pronoun
by traversing the dependency tree using rule-based instructions and copies
the relevant feature values from it.

4. Digit postprocessor. It explores whether the digit satisfies some frequent pat-
terns (such as 3 uronsa “3rd of June” or 1917-1920) and calculates the re-
quired features (NumType and Case/Number/Gender when applicable).

4. Models and results

4.1. Training approaches
In our study we apply several approaches to model training including

1. Standard supervised model training. In this case we initialize the embedder
with the weights of pretrained BERT language model and train the whole
network together. This mostly affect the task-specific head layers, however,
the weights of the embedder are also altered.

2. BERT language model unsupervised finetuning [2], [15]. If we suspect that
dataset domain (e. g., poetry) does not match the domain BERT was trained
on, we additionally train the masked language model on the domain-specific
raw data.
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3. Supervised model finetuning. We initialize the model weights using the
weights of basic supervised model (see Approach 1) and tune them on the
domain-specific annotated data. We follow this strategy when there is not
enough such data for learning the weights from scratch, however, the basic
model seems to be less suitable due to data peculiarity.

4. Word order adaptation: the word order in verses often differs from the one
in formal speech. Consider the verse

nsubj

KpYyorcunacob doszo MYMHAA MEMEND,

its “formal” version would be

nsubj
[

MYMHAA METMEND doseo Kpyscunacos.

More precisely, though the word order in Russian is flexible, for most syntactic de-
pendencies the relative positions of the head and the dependent are rather predictable.
In particular, the subject (nsubj) usually precedes the verb, the adjective modifier pre-
cedes the corresponding noun, etc. However, for poetic texts these patterns are less strict.

Hence, to make the formal prose more similar to the poetry, we randomly switch
the ordering of the head and the dependent for those syntactic relations whose de-
pendent-head order in poetic texts deviates from the one in formal corpus. The switch
probability is set to match the order distribution in the poetic training set. Note that
this dataset is not large enough to train the model only on it without utilizing the gen-
eral domain in some fashion.

Graphic adaptation. The most challenging domain in the test data is the XVII
century Russian language. Since its alphabet contains several symbols that are not
present in the modern Russian, BERT tokenizer is not able to divide such words to sub-
tokens in a proper way. Consider the word uesiosxs (the man), its tokenization will be

qeyioB/##/##Kb.

On the contrary, the modern Russian spelling of the same word (uenosex) pro-
duces a single subtoken for the whole word. It implies that after tokenization a word
in old orthography loses its similarity to the corresponding word in modern orthogra-
phy, hence the model is unable to utilize the unsupervised knowledge stored in subto-
ken embeddings. To overcome this obstacle we apply several handwritten rules, such as

* Removal of word-final -.
* — e, - uand analogous modifications.
e Changing word-final -mu to -ms in verb infinitives, etc.
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4.2. Model selection and evaluation

In this section we describe how we select the optimal model for different parts
of the dataset. The selection procedure for the tagger and lemmatizer differs from the
one for the parser, so we discuss them separately. However, they share several com-
mon steps, which we list below.

1.

First, we found that data annotation is inconsistent through the training
data, as different segments of it were annotated using different annotation
standards. Moreover, inspecting the training data we found many errors
and artefacts of automatic annotation, therefore we decided to rely only
on some subsets of the dataset. Namely, we selected the SynTagRus v2.5 da-
taset to be the only training source for our basic model?. The remaining parts
of the training set are used only for validation and finetuning purposes.

Since our classifier has 4 possible domain labels (‘17cent’, ‘poetry’, ’social’
and ‘other’), we picked a subcorpus for each of these categories. For first
three categories the choice is unambigious, while the performance on ‘other’
was evaluated on Wikipedia GSD subcorpus and Lenta News subcorpus from
2017 MorphoRuEval competition [2.3].

Since we have no access to the correct annotation of the test set, we make
conclusions using the official training data, as only the SynTagRus part
of the training set was used for pure training. We used several parts of the
training set for model finetuning, in this case we report performance on the
development set.

During our preliminary experiments we found that altering BERT embed-
ders and tuning the model has no significant effect on the tagger perfor-
mance, therefore we performed experiments on BERT and model finetuning
only for the syntactic parser.

All our models are based on ruBERT model [ 15] from DeepPavlov library [4].
This model was obtained by funetuning the multilingual BERT [8] on Rus-
sian language data.

4.3. Tagger performance

We present the performance of our basic model on 5 mentioned domains: ‘17cent’,
‘poetry’, ‘social’, ‘wiki’ and ‘news’ (the two latter being the part of 'other’). We also
present the scores of the finetuned 17th century model on ‘17 cent’ segment. For com-
parison purposes we also train another variant of the basic model on the unified train-
ing set and evaluate it on development set. We present scores on development set only.

2 The organizers informed us that SynTagRus guidelines does not match the annotation of the
test set. However, they did not answer if there was any other subset better corresponding
to the annotation of the test data. Using SynTagRus, we at least expect different parts of our
training set not to contradict each other.
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Table 1: The results of different morphological taggers on the training and
development set. We report POS accuracy(P), lemmatization accuracy (L)
and morphological feature recall (F) using the official evaluation script.

poetry social 17cent
F L P

Basic 96.1 | 96.6 | 945|959 | 984 |96.7 | 94.1 | 971 | 92.8|95.1 | 984 | 93.8 | 87.1 | 51.7 | 92.8
1+ 17centrules | —| —| —| —| —| —| —| —| —| —| —| —1]926|862|944
2 + 17cent —| = =] =] =] =] = =] —=| =] —| —|9.0]/86.8|980
finetuned

joint 98.4|96.9 (982978988 (984|956 | 971|950 | 972|983 |95.7|94.2| 512 |96.6
+ 17cent rules — - = = = = = = —=| —| —| —1]942|854|96.7

We observe that data-specific rules for 17 century data actually help a lot, fine-
tuning on more 17 century data also improves the model drastically. More surprising
is the fact that the joint model beats the one trained only on SynTagRus by a notable
margin. However, this question requires further investigation.

4.4. Parser performance

We expect the parser to depend more severely from the training domain. There-
fore here we perform a much more detailed comparison, which is performed in several
stages. First, we want to select an optimal BERT embedder for each of the domains.
We test three BERT models.

1. The default ruBERT model from DeepPavlov library3.

2. The Conversational BERT model from DeepPavlov library* finetuned on so-
cial network data from Taiga corpus.

3. The StihBERT model, finetuned on poetry data from Taiga corpus.

All these models are trained only on SynTagRus data. The results are presented

in Table 2.

Table 2: The effect of different BERT embedders on syntactic parsing. We
report Labeled Attachment Score (LAS) for training and development set.

poetry social 17cent

T D T D T D

ruBERT 83.8|86.7|929|929|69.1 | 79.0| 77.1 | 82.8 | 59.0 | 72.8
ConvBERT 83.3|86.5|93.0|92.0| 71.4| 80.2 | 78.4 | 83.2 | 54.1 | 72.8
StihBERT — — — — | 72.5| 81.5 — — — —

3 http://docs.deeppavlov.ai/en/master/features/models/bert.html,
http://files.deeppavlov.ai/deeppavlov_data/bert/rubert cased 1.-12 H-768 A-12 v2.tar.gz

4 http://files.deeppavlov.ai/deeppavlov_data/bert/ru_conversational cased 1-12 H-768 A-12.

tar.gz
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We observe that using domain-specific BERT improves results on social and po-
etry subsets, as expected. Consequently, we decide to use StihBERT for poetic data,
ConvBERT for the social media and the basic ruBERT for the remaining.

We also evaluate the effect of fine-tuning on heritage, social and poetic data (for
‘other’ domain the results are controversial). Table 3 contains the results for ‘social’
and ‘poetry’ domains. “No finetuning” means choosing the best BERT for a given do-
main between the models evaluated in Table 2. We also present the results on the
‘poetry’ data for the model trained on the dataset with switched order of heads and de-
pendencies, as discussed in Subsection 4.1. For comparison we give the scores of the
‘joint’ model, as it can be viewed as the model fine-tuned on the concatenation of all
training data available.

Table 3: The effect of fine-tuning on syntactic parsing. We report Labeled
Attachment Score (LAS) for different parts of the development set.

No finetuning 83.8| 86.7| 929 | 929| 725 | 815| 784 | 83.2
+FT(social) — | 87.0 — | 91.7 — | 78.9 — | 85.7
+FT (poetry) — — — — — | 81.9 — —
+switch — — — — — | 824 — —
joint — | 87.0 — | 91.2 — | 74.0 — | 815

We observe the positive effect of fine-tuning. Also note that fine-tuning the model
on ‘social’ data decreases its performance on other domains. In contrast to morpho-
logical tagging, the model trained on joint data has significantly lower performance.
We suppose that one of the reasons may be inconsistent annotation of syntactic phe-
nomena in different training subsets.

We also compare the basic model with the fine-tuned one of the 17 century data.
The results are given in Table 4. Here we again observe the positive influence of model
fine-tuning.

Table 4: The effect of fine-tuning on syntactic parsing on 17 century data

17 cent

T
No finetuning 59.0 72.8
+rules 63.5 73.6
+rules+FT — 85.8
joint — 78.3
+rules — 78.3

10
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5. Analysis and Discussion

Table 5 and Table 6 contain the official GramEval-2020 results.

Table 5: GramEval results on historic texts (17) and fiction (fict)

corpus all 17 fict

team overall POS morph lemmas POS morph lemmas

gbic 91.6 | 96.3 93.0 78.3 | 66.5 | 98.0 98.8 98.1 | 89.6
ADVance 90.8 | 96.0 93.0 79.7 | 61.9 | 98.0 98.6 97.7 | 87.0
(our model)

lima 87.9 | 93.5 89.6 61.1 | 55.5 | 97.6 97.9 93.7 | 85.1
vocative 85.2 | 87.1 79.4 58.3 | 50.0 | 97.5 94.8 96.2 | 82.7

Table 6: GramEval results on news and poetry (poet)

corpus news

team POS morph lemmas morph lemmas

gbic 91.6 | 96.7 98.1 98.3 | 91.3 | 96.9 96.7 95.4 | 81.4
ADVance 90.8 | 96.5 98.2 98.2 | 91.2 | 96.1 96.0 95.3 | 78.1
(our model)

lima 87.9 | 97.2 96.7 95.0 | 84.4 | 95.8 95.6 91.3 | 72.6
vocative 85.2 | 96.6 94.5 95.5| 83.5 | 92.3 89.8 93.9 | 66.0

Table 7: GramEval results on social media (soc) and wikipedia (wiki)

corpus wiki

team POS morph lemmas POS morph lemmas

gbic 91.6 | 94.8 94.7 96.0 | 80.7 | 92.7 94.4 93.6 | 78.1
ADVance 90.8 | 93.8 95.9 95.4 | 78.5 | 92.2 92.3 92.2 | 76.1
(our model)

lima 87.9 | 93.7 95.3 95.3 | 71.3 | 92.5 96.8 92.3 | 69.8
vocative 85.2 | 91.8 90.0 95.5 | 66.0 | 91.0 90.5 91.6 | 69.5

Analyzing them, one can notice that our model and the winner’s model signifi-
cantly outperform the other two models. The main difference of the top two models
is the usage of BERT. As expected using BERT provides for a significant advantage.

The overall gap between our model and the winner’s model is relatively small but
consistent across domains. This is mostly due to dependency parsing performance:
while on other tasks the scores of these two systems are comparable, our LAS scores
are considerably lower on all corpora but news.

After the release of all systems into the open source we have spent some time analyz-
ing the winner’s model. Both models use similar architecture and the same ruBERT em-
bedder, however, there is a number of differences in training procedure. So far we were
not able to isolate the decisive one, but we would like to explore it more in future work.

11
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5.1. Data quality

Before criticising the datasets provided for the Shared Task, we would like
to deeply thank the organizers for their work, which is in important contribution for fu-
ture studies on computational syntax and morphology of Russian. However, the qual-
ity of the provided training data makes the conclusions not so reliable as they could be.

First, the annotation of some morphological phenomena is inconsistent. For ex-
ample, the label assigned to foreign proper nouns is NOUN, PROPN or syMm depending
from the segment. This problem holds for the annotation of proper nouns in general,
a word may have controversial labels even in consecutive sentences.

Second, the annotation is inconsistent even inside segments. Namely, while the
training data for XVII century contains a significant fraction of texts in original or-
thography, the development set is entirely in modern (adapted) one. Many specific
syntactic relations (e.g., nsubj:pass or det) are occasionally replaced with their more
general analogues (nsubj and amod). The same problem holds for fixed constructions,
e.g. complex prepositions as co cmoponst “by”, which are not annotated in most of the
training corpora, being present only in one of them. Additionally, the annotation
of punctuation is also inconsistent, which produces many spirious errors that do not
reflect the actual performance of the model.

Last but not the least, the significant amount of data is annotated automatically
using a model of rather low quality. It sometimes yield nonse errors, for example, the
noun dxcaky3u has the lemma *0xcakysums in the training set.

6. Conclusion and Future Work

We have presented ADVance—a system performing part-of-speech and full mor-
phological tagging, lemmatization and dependency parsing for Russian. Our system
has participated in GramEval-2020 shared task and was able to reach second place.
Our morphological tagger uses BERT as contextualized embedder and the parser sys-
tem is based on biaffine attention over BERT representations. We release our system
in open source®.

Our main scientific contribution is the relative success of domain adaptation and
fine-tuning approaches, that goes in line with previous studies. However, the results
on dependency parsing on challenging poetry and XVII century domains are well be-
low the scores for more formal texts. Additionally, this scores are lower than the ones
reported for Universal Dependencies datasets, where the Basic version of our model
achieves LAS over 93%. That is partially due to train-test annotation mismatch, how-
ever, this is a common real world situation. We hope that our study will help to shed
light on practical aspects of training morphological and syntactic analyzers on real-
world data with imperfect annotation.

12
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