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as test data: news, social media and electronic communication, wiki-texts,
fiction, poetry; Middle Russian texts are used as the sixth test set. The data
annotation follows the Universal Dependencies scheme. Unlike in many
similar tasks, the collection of existing resources, the annotation of which
is not perfectly harmonized, is provided for training, so the variability in an-
notations is a further source of difficulties. The main metric is the average
accuracy of pos, features, and lemma tagging, and LAS.

In this report, the organizers of GramEval 2020 overview the task, train-
ing and test data, evaluation methodology, submission routine, and par-
ticipating systems. The approaches proposed by the participating systems
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GramEval 2020 — nopo>ka no oueHke METOL0B 1 TEXHUYECKNX PELLEeHNA ANs
MOJSIHOr0 MOP@ONIOrNMYECKOro N CUHTAKCUYECKOr0 aHanm3a TEKCTOB Ha pyc-
ckom sa3bike. B 2020 rony somuHaHToM 6bina BbibpaHa XaHpoBas penpeseHTa-
TMBHOCTb TEKCTOBOrO Matepmana. 15 oueHK1 NoAX0A0B K aBTOMaTUYECKOMY
aHanun3y TekcTa 6bl1 NOAroTOB/EH TECTOBbLIN HAOOP AaHHbIX, OXBaTbIBaOLLNIA
NSTb XaHPOB COBPEMEHHOIO $i3blKa: HOBOCTU, COOBLLEHUSI U3 COLManbHbIX
ceTel 1 9N1IEKTPOHHYIO0 KOMMYHUKALLYI0, SHLIMKIIONEANYECKME CTaTbL, XyA0XKe-
CTBEHHYIO IMTepaTypy, N033uio, a Takxe ncTopuyeckre TekcTol 17 Beka.

TekcToBbI MaTepuan Ana obyvyeHuss M TeCTUPOBaHUSA NpenocTas-
nanca B dopmate YHuBepcanbHbix 3aBucumocTteit (Universal Dependen-
cies) Bepcum 2.5. BxogHoi ¢popmat copepxan nHpopmaumio o rpaHmuax
npeaJsioKeHNn 1 TOKeHOB. 3afa4vell CUCTEM-YYaCTHUKOB OblSIO ONpeaeniTb
4acTb peyu, rpaMmMaTnHeckne NPU3HaKkmM 1 TIEMMY Kaxa0ro TokeHa, a Takxe
NOCTPOUTb AEPEBO 3aBMCUMOCTEN KaXA0ro npenJsioxXeHns ¢ Tunmusaumen
CUHTAKCUNYECKNX OTHOLLEHUIA.

B xope meponpusaTus y4acTHUKM WMMENn BO3MOXHOCTb nosy4vaTb
OLLEeHKM KayecTBa CBOMX pelueHuii bnarogaps nnatdopme Codalab. ABTo-
MaTu4eckun NpepocTaBnsanach getannaasms oOLeHOK Mo YPOBHAM pa3MeTKu
1N TEKCTOBBIM permcrTpam, MHPopmMaums 0 HYacToTHbIX owwmnbkax. OkoHYa-
TENbHbI PEATUHI CUCTEM COCTaBISNICS HA OCHOBE YETbIPEX NokasaTenei:
KayecTBa OnpefeneHns 4acTu peyn, rpammMaTU4ecKnx NPnU3HakoB, IEMMbI
1 NOCTpoeHuns aepesa 3aBncumocTeli (LAS).

B paHHOW cTaTbe opraHmnaatopbl GramEval 2020 paccmaTpuBaloT oc-
HOBHbIE BOMPOCHI, CBA3aHHbIE C OpraHu3aunen JOpoXKu, a Takxe nony-
YeHHble y4YacTHMKamun pesynbTatbl. 3aTparvMBatoTCcs TEMbl METOLONOTMUN
OLLEeHKM, MOArOTOBKM 00yvalowmx 1 TECTOBBIX AaHHbIX. MNpuBoanTCca kpa-
TKO€E OnMcaHune Noaxoa0B YHaCTHUKOB M @aHaNN3 A0MYLLEHHbIX OB OK.

KnioueBblie cnoBa: MOPdON0rnieckmnii aHanms, CUHTakCU4eCKNn NapCcuHr,
NapCuUHI 3aBUCMMOCTEN, NIeMMaTn3auns, oLueHka CUCTeM aBTOMaTNYECKO
0bpaboTku TekcTa, gopoxka GramEval, pycckuii a3blk
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1. Introduction

Russian grammar has a rich history of theoretical and applied modelling. Start-
ing with the work of A.Zaliznyak [12], the grammatical description has reached a new
level, making it possible to build automatic systems of morphological analysis.

Since then, technologies in Russian NLP have made significant advances thanks
to data from search engines [7], [1], as well as to shared tasks based on texts from
various sources. Since 2010, automatic morphological tagging has become a tradi-
tional task for Russian and international researchers.

In 2010, for the first time, a shared task was held for automatic Russian part-
of-speech tagging, lemmatization, and morphological analysis, including the subtask
of annotating the rare words [5]. The participants achieved 98% accuracy on lemma-
tization and 97.3% accuracy on the part-of-speech tags.

At the MorphoRuEval 2017 shared task [8], a 97.11% accuracy in all morphologi-
cal features and 96.91% accuracy in lemmatization were achieved on a balanced set
of data from various sources (news, social networks, fiction, etc.).

From 2016 to 2019, morphology also became the main focus of the multilin-
gual competition SIGMORPHON, where for the Russian language [4] a leading result
of 94.4% accuracy on word inflexion in context was obtained.

Syntactic parsing was the focus of the Ru-Eval 2012 shared task [11]. The orga-
nizers conducted a survey of existing automatic approaches and resources and pro-
vided data in a conditional dependency format. In 2017, with the advent the Univer-
sal Dependencies (UD) initiative [6], shared tasks on multilingual parsing, including
Russian, became possible, combining academic and industrial development systems
under a common track. CoNLL shared tasks 2017-2018 [13], [14] has set the task
of complete grammatical annotation, from row text to syntax: for the Russian lan-
guage, the quality of 92.48% accuracy LAS (labelled attachment score) on the ma-
terials of UD-SynTagRus and 72.24% accuracy LAS on the materials of social media
was achieved. It became apparent that the quality of annotation should be evaluated
on balanced datasets representing various styles and registers of writing.

In the above works, morphology and syntax are considered as independent tasks
and evaluated separately; in most cases, systems that solve these problems are de-
signed in such a way that they mark data independently at 3 levels—1) morphology
2) lemmatization 3) syntax, or at 2 independent levels—1) morphology and lemma-
tization and 2) syntax. Meanwhile, the relation among all three levels of the gram-
matical annotation is obvious: for example, an error in determining part of speech
can lead to a lemmatization error and/or to an incorrect identification of syntactic
relation.

We believe that the moment has come when the simultaneous intersection
of the following factors allows us to create benchmark competitions in the general
grammatical annotation of Russian texts, in which the overall level of annotation
would be simultaneously assessed by various sources of Russian texts in all their
diversity:
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1. The development of deep learning, including universal language models, ca-
pable, according to some studies, of independently learning ideas about the
semantic, lexical, and syntactic levels of the language [3],

2. Accumulation of big data from various sources,

3. The presence of a standardized format for morphological and syntactic an-
notation—UD 2.0.

The results of this initiative are presented in this article. Continuing the tradi-
tion of the previous independent shared tasks for Russian, we propose the new format
of the NLP competitions—evaluating the joint models by their generalizing ability
on the whole variety of language data of differing periods and sources.

2. Data

The data was provided in the UD 2.0, CONLL-U format, with respect to some
variability in various data sources and their annotation methods, which will be de-
scribed later.

The task of the GramEval 2020 organizers was to provide the most diverse
training and test samples, taking into account the benefits of parsing quality im-
provements for industry, NLP research, digital humanties and theoretical linguis-
tic research. For this reason, the main training sample with manual annotation in-
cluded the most normative segments—news and fiction—as well as texts of social
media, wiki, poetry, and texts of the 17th. century. Poetry was considered, since
lexicon, morphemic and syntactic patterns, and word order is considered more vari-
able in verses than in prosaic texts. As for the 17th. century data, the native speakers
of Russian have almost no difficulties understanding such texts. Since it is assumed
that modern processing systems are a closer match to human performance, it was
interesting to take a diachronic look at the Russian NLP evaluation. An equally im-
portant factor was the availability of materials for all six registers in the UD format
for training.

2.1. Training data

As training data, existing open datasets were collected from various sources:
UD repository, MorphoRuEval, and RNC historical corpora collections.

e UD SynTagRus v2.5 (1.1M tokens, fiction, news, wiki, nonfiction). Annotation:
automatic (ETAP3), human correction in native SynTagRus, then re-tokenized
and converted automatically to UD 2.x. Enhanced dependencies removed. Since
the treebank was not fully valid for the UD v2.5 scheme, a version with semi-
manual corrections was also provided.

e UD Russian GSD v2.5 (96K tokens, wiki). Annotation: automatic (Google Stan-
ford Dependencies) converted and manually checked.

* UD Russian Taiga: samples extracted from the Taiga Corpus and Morpho-
RuEval-2017 text collections (mostly social media and poetry, 39K tokens). An-
notation: manual.
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MorphoRuEval test 2017: news (Lenta.ru, 5K tokens), fiction (magazines.gorky.
media, 7K tokens) and social media (VK, 5K tokens). Morphological annotation
done during the previous shared task annotations was manually changed to get
better agreement with the current UD standards; syntax was annotated manu-
ally from scratch.

RNC 17th c.: texts from the Middle Russian corpus (business & law, letters,
Church Slavic, hybrid texts, 39K tokens). Annotation: manual, no lemmatization.
In addition, 4M tokens were provided with manual morphological and automatic
syntactic annotation.

Supporting data
Additional data were provided ‘as is’ with fully automatic annotation:

Twitter: UDPipe pipeline (tokenization, morphology, syntax). Corpus of Russian
tweets with sentiment annotation from .

Wikipedia: UDPipe pipeline (tokenization, morphology, syntax). The actual
dump of Russian Wikipedia, first 100,000 articles

Comments from Russian Youtube Trends, April 2019. UDPipe pipeline (tokeniza-
tion, morphology, syntax).

Lenta.ru news: symbol unification + UDPipe pipeline (tokenization, morphol-
ogy, syntax). Lenta Ru news, up to 2018.

Stihi.ru poetry: symbol unification + UDPipe pipeline (tokenization, morphol-
ogy, syntax).

Proza.ru fiction: symbol unification + UDPipe pipeline (tokenization, morphol-
ogy, syntax).

Fiction Magazines (Taiga): UDPipe pipeline

Development and test data

The shared task included two stages: public and private test. At each stage, gold

data was used, prepared specifically for the shared task. All in all, 7 annotators took
partin data labeling at different linguistic levels. After that each sentence was verified
by two supervisors. One of them, a contributor to Russian treebanks in the UD reposi-
tory, checked through all data sets, for better consitency of the annotations. The size
of the development and test sets is given in Table 1.

Table 1: The number of tokens and sources of the development and test sets

Register Devset Devsource Test set Test source

news 1K MorphoRuEval2017 | 1K MorphoRuEval2017

social 1K MorphoRuEval2017 | 1K MorphoRuEval2017 + Taiga
wiki 1K Russian GSD 1K Wikipedia

fiction 1K SynTagRus 1K Taiga + RNC

poetry 1K Taiga 1K Taiga + RNC

17 cent | 1K Middle Russian-RNC | 1K Middle Russian-RNC
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During the public test, the participants downloaded files for each of the 6 text
registers, in a vertical format. The participants processed the input data with their
systems and submitted the results to the leaderboard, obtaining detailed results for
each source, error statistics, and could compare their result with the gold data.

During the private test phase, the participants were asked to download one large in-
put file which included 10% test data for all six registers. The gold annotation was kept un-
available to the participants. The private test included news from UD MorphoRuEval2017,
social media from UD MorphoRuEval2017 and Taiga, wiki from Wikipedia, fiction from
Taiga and RNC, poetry from Taiga and RNC, 17th c. from UD MidRussian RNC.

3. Evaluation metrics

Evaluation procedure is based on the calculation of quality measures in the
tasks of pos-tagging (qPos), morphological features tagging (qFeat), lemmatization
(qLemma), and dependency parsing (qLas). The arithmetic mean of these values was
used as participant’s score (1) on a test set.

Score = mean(qPos, qFeat, qgLemma, qLas) D

Since separate test sets were created for each register, the composite partici-
pant’s score (2) was calculated as an arithmetic mean for all registers.

Overall Score = mean(Scoreyeys, SCoreiki, SCOTre€socials
Scoreﬁction; Scorepoetry: SCOT'€17 CA) (2)

Overall Score = mean(news score, wiki score, social score,
fiction score, poetry score, 17 c. score) (©)

3.1. Pos-tagging, morphological features, lemmatization and syntax

Four main metrics—pos accuracy, other morphological features recall (macro-
average over tokens), lemmatization accuracy and labeled attachment score (LAS)
are measured the same way:

* Metrics are measured for each text source (news, poetry, etc), comparing partici-
pant submission results and gold markup:
— Each predicted token annotation is being compared to the gold one:
- Whether pos is the same as the gold one or not (POS: 1 or 0)
- Sum all the matching features is divided by the number of the gold fea-
tures (FEAT: continuous from 1 to 0)
- Whether the lemma is the same as the gold one or not (LEMMA: 1 or 0)
- Whether the syntactic head is the same, and if yes, is the relation correct
(LAS: 10r0)
— Sums of POS, FEAT, LEMMA, LAS points are being divided by the number
of tokens in the text source—we get qPos, qFeat, qLemma, qLas quality
* All the quality on each source is being averaged (summed and divided by number
of sources) to get overall quality.
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Besides, when comparing lemmatization, letter capitalization and e/é choice
is not considered different. When evaluating LAS, full dependency relation (with tags
after “:”) was considered.

3.2. Additional metrics

In order to achieve compatibility with the universal standard and the experience
of international community, additional metrics not included in the leaderboard were
calculated: F1 metrics for pos, features, and dependency relations, lemmatization,
as well as UAS, MLAS, BLEX metrics according to the CoNLL method?. These metrics
were included to avoid situations in which systems could get high accuracy due to the
rule-based evaluation hacking, for example, excessive addition of extra tags, etc.,
as well as for comparison with the results for the Russian language obtained in the
previous shared tasks [13], [14].

3.3. Token alignment evaluation

For convenience of participants, the token alignment score was computed. It al-
lows them to control whether the tokenization is corrupted or not. Every sentence
from submission was compared to the corresponding gold one. Each token in a sen-
tence was compared with the gold one. If the tokens were considered equal (see
above), token alignment sum was incremented; sentence alignment score was a token
alignment sum divided by the number of tokens. The participants were given the final
alignment score of mean scores of every sentence.

During the private test phase, all systems had their alignment score of 100%.

4. System submission platform and routine

The competition was held on the CodaLab platform?3, which allowed participants
to choose the best parameters of their systems and analyze their performance on vari-
ous text sources that were known in advance.

Each participant could make up to 100 submissions per day.

Participants were also allowed to use any external data for training their sys-
tems, including non-open sources. But the resulting system itself and the models
should be open source and published on the Github.

Starting from 18 initial teams, 4 systems have reached the final test phase, one
of which have provided two final submissions. The authors of the final systems rep-
resent different countries (Russia, France), tech companies (Yandex, ABBYY, MTS)
and universities (CEA-LIST: Laboratory for Integration of Systems and Technology,
Moscow State University, Moscow Institute of Physics and Technology).
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5. Baseline system

5.1. rnnmorph + UDPipe

The starting point for the competition was a hybrid system assembled from the RN-
NMorph morphological analyzer [2] and the Parsito syntax module [10] (from UDPipe
[91). As of 2017, RNNMorph was a top-notch solution for the morphological analysis of the
Russian language [8]. The choice of UDPipe is due to the popularity of this system and
the positive experience of using it as a baseline system at CoONLL competitions [ 13], [14].

GramEval participants were given access to the source codes of the hybrid system
with its default settings (without pretraining on the competition data). Besides, at each
phase of the competition, the results of the baseline assessment were published.

5.2. Other milestones

In addition to the baseline system, we have trained and evaluated several well-
known systems for morphological analysis and dependency parsing. We believe this
is of help to the participants to better understand where their solutions fit in with
other top ranked systems. This will also show how the quality of analysis has changed
over recent years.

We selected MaltParser, SyntaxNet, UDPipe, StanfordNLP, TurkuNLP and rn-
nmorph for this evaluation. All of them were trained on the same training set. We fol-
lowed the default settings, where possible, assuming that the developers had determined
them in a rational way. Detailed information about the training setup can be found
on the GramEval-2020 website*. Note that MaltParser, SyntaxNet and rnnmorph gen-
erate only part of the markup; these systems were evaluated within their competence.
Note also that MaltParser itself cannot generate morphological features that it needs for
parsing. Therefore, the morphological layers for MaltParser were generated by UDPipe.

6. Results

Table 2 presents the official leaderboard and tables 3—6 detail the quality of mor-
phological analysis, lemmatization, and parsing for each register, respectively. Besides
that, the latter tables show the results of additional baseline systems (indicated by italics).

Table 2: GramEval official leaderboard—OQverall score

System Overall Score

gbic 0.91609
ADVance 0.90762
lima 0.87870
vocative 0.85198
baseline 0.80377

4 Default models and parameters for each module.
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Table 3: Scores: parts of speech

fiction news poetry social  wiki 17 cent
gbic 0.980 0.966 0.969 0.947 0.927 0.963
ADVance 0.980 0.965 0.960 0.937 0.921 0.960
lima 0.976 0.971 0.957 0.937 0.925 0.935
vocative 0.975 0.965 0.929 0.917 0.909 |0.870
Turku 0.970 0.964 0.951 0.926 0.902 0.870
Stanford 0.974 0964 0944 |0.913 0.924 0.896
UDPipe 0.975 0.967 0.927 0.916 0.906 0.868
SyntaxNet 0.953 0.952 0906 |0.884 |0.904 |0.866
rnnmorph 0.970 0.949 0.946 0.928 0.922 0.894

Table 4: Scores: grammatical features

fiction news poetry social  wiki 17 cent
gbic 0.987 0.981 0.967 0.947 0944 |0.929
ADVance 0.986 0.981 0.960 0.959 0.928 0.929
lima 0.979 0.966 0.956 0.953 0.967 0.896
vocative 0.948 0.944 0.898 0.900 0.904 0.793
Turku 0.952 0.962 0.921 0.918 0.921 0.831
Stanford 0949 10957 |0.914 0904 |0.923 0.841
UDPipe 0.946 0.946 0.899 0.899 0.902 0.791
SyntaxNet 0.934 0.926 0.886 0.887 0.872 0.801
rnnmorph 0.878 0.858 0.857 0.852 0.838 0.825

Table 5: Scores: lemmatization

fiction news poetry social  wiki 17 cent
gbic 0.980 0.982 0.953 0.960 0.936 0.783
ADVance 0.977 0.981 0.952 0.954 0.922 0.797
lima 0.937 0.950 0913 0.953 0.923 0.610
vocative 0.961 0.955 0.939 0.955 0.915 0.582
Turku 0.974 0.976 0.949 0.956 0.928 0.584
Stanford 0.973 0.959 0.926 0.952 0.922 0.571
UDPipe 0.963 0.957 0.912 0.941 0.934 0.579
rnnmorph 0.950 0.907 0.918 0.928 0.904 0.588
rnnmorph 0.878 10858 |0.857 10.852 |0.838 |0.825

Table 6: Scores: LAS

fiction news poetry social  wiki 17 cent
gbic 0.896 0.912 0.814 0.807 0.781 0.665
ADVance 0.869 0.911 0.780 0.784 0.760 0.618
lima 0.850 0.843 0.725 0.713 0.697 0.546
vocative 0.826 0.834 0.660 0.659 0.694 0.500
Turku 0.859 0.877 0.731 0.733 0.711 0.502
Stanford 0.854 0873 |0.709 |0.706 |0.703 0.509
UDPipe 0.811 0.817 0.666 0.644 0.668 0.462
SyntaxNet 0.808 0.802 0.6 0.614 0.645 0.446
MaltParser 0.599 0.553 0.404 0.476 0.436 0.340

<o)
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All final submissions outperformed the baseline approach in morphology, lem-
matization, and parsing. As for the systems’ performance by register, three groups can
be distinguished:

 fiction and news are the easiest to process (in general, > 95% in pos, features,
and lemmas, > 83% in syntax);

* social media, poetry, and wiki texts are more challenging to process (in general,
—2% to —7% drop at the lexico-grammatical levels and more significant drop
at the level of syntax, see below);

e the performance on the diachronic 17th c. data is low, especially at the level
of syntax. Note, however, that the top-2 systems achieve the 96% quality in pos-
tagging and the 93% quality in feature tagging.

As expected, the performance drop is more pronounced in syntax, features, and
lemma processing.

In the task of parsing, for all systems there is a significant (> 8%) difference
in the quality of analysis on fiction + news, on the one hand, and poetry + social +
wiki, on the other hand, see Table 6 and Figure 1. However, only two participants
managed to surpass the best of additional baseline systems in all registers.

1,00 B gbic
B ADVance
lima
0.75 B vocative
W Turku
I Stanford
! UDPipe
0,50 I SyntaxNet
MaltParser
0,25
0,00
17 cent fiction news poetry social wiki

Figure 1: LAS across registers

7. Approaches adopted by the systems

The participants’ approaches represent a fairly wide variety of modern neural
network approaches—universal BERT transformers, recurrent neural architectures—
LSTM and CRF-LSTM, feedforward layers, word and char embedding sources—BERT,
word2vec and fasttext—therefore, we can say that they are quite indicative from the
point of view of the current level of technology [15]-[18].

Despite the general statement of the problem, some efforts were also spent
on fitting the scores of systems on specific data—two participants use rule-based

10
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approaches to adapt the outputs of the systems for 17th c. data, and also use classi-
fiers to detect the most outlying training sources—social media, poetry and historical
data. The resulting architectures are described in Table 7.

It is noteworthy that the highest quality was shown by a system (gbic) annotating
morphology, syntax, and lemmatization independently. Qualitative differences in the

systems’ performance are discussed in the next section.

Table 7: Table 7: Architectures of the GramEval 2020 participating systems

Team ETE:] Architecture Embeddings
gbic All GramEval data End-to-End parser: features, Pretrained
(@))] except SynTagRus lemmas, and dependencies are RuBERT
predicted by joint BERT model with
independent modules. Encoder
is a single-layer LSTM, decoders
are simple feedforward models for
predicting lemmas and features,
as well as a biaffine attention model
for dependencies and their labels
ADVance | All GramEval data Classifier of 4 main data sources— | 4 separately
(@) + poetry Taiga corpus | normative fiction, 17 c., poetry, trained BERTs
for embedding training | social. on GramEval
+ Morphotagger and parser on data
BERT, pretrained on SynTagRus 2.5
+ 17 c. lemmer on rules
lima All GramEval data Original implementation of Dozat | Pretrained
(€) & Manning: embedding layer FastText
+ LSTM layer
+ feedforward layer. Differs from
the original models in that mor-
phology and syntax are trained
simultaneously in multitask learn-
ing mode
vocative | GramEval2020 data Ensemble model: Pretrained
4 with rule-based 1) dictionary-based lemmatizer word2vec
parser validation 2) LSTM-CRF pos tagger, consider- | wordchar2vector
for extracting good ing the context and features
training samples + pure CRF pos tagger for sen-
for pos-tagging and tences longer than 30 words
parsing. + Russian UDpipe for pos and
+ clean GramEval data features
for UDPipe training 3) parser: UDPipe trained
+ own treebank on GramEval data
data for pos tagging 4) Rule-based correction for 17 c.
training data

8. Analysis of submitted annotations

Table 8 and 9 outline the systems’ agreement in full morphology and dependency
markup, respectively. In Table 8, Accuracy / Cohen’s kappa for the combination of pos

11
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and feature tags are shown. To calculate Cohen’s kappa, the list of categories was de-
termined on the basis of all the observed responses. In Table 9, Accuracy is shown cal-
culated for the combination of syntactic head and dependency relation. Both relation
types and subtypes (labels before and after the colon) were considered.

Table 8: Agreement in pos and feature markup

gbic ADVance lima vocative
gold 0.874 /0.867 | 0.803 /0.791 | 0.811 /0.801 | 0.765 / 0.752
gbic 0.844 / 0.835 | 0.830 /0.820 | 0.781 / 0.769
ADVance 0.767 /0.754 | 0.722 / 0.706
lima 0.784 / 0.771

Table 9: Agreement in the syntactic head and dependency relation markup

gbic ADVance lima vocative
GOLD 0.813 0.788 0.729 0.697
gbic 0.826 0.769 0.720
ADVance 0.765 0.711
lima 0.706

One can note a greater cross-system agreement than that between systems and
the gold markup. Indirectly, this suggests that systems make similar mistakes.

The output data of the competing systems show that the errors in morphological
analysis are mostly the same as in previous competitions for the Russian language.
The errors in lemmatization, pos-tagging and morphological features most often
correlate.

In quantitative terms, most errors are associated with uppercase uses and non-
standard spellings. Erroneous pos-tagging and morphological features arise in all the
outputs at the beginning of the sentence, at the beginning of the line in the poetry,
in proper names that share ambiguity with common nouns (Hayka, Tuep). Further-
more, the competing systems encounter difficulties while analyzing words with spell-
ing errors, author spelling, hashtags (typical for social networks), abbreviations and
acronyms, for example, in Wikipedia references.

In lemmatization, systems found it difficult to analyze words with a rare inflec-
tional model (pacnpocmepmutil, ozopodcerHblil, 0b6vemaem, uuem, 2opio etc.) and
pluralia tantum nouns or plural homonyms (HoxcHUUbL, 0K0BA-0K0BbL, MO32-MO321L).
Difficulties in resolving homonymy remain in pos-tagging, cf. 6stms VERB vs AUX,
ymo PRON vs. SCONJ vs. PART vs. ADV, u CCONJ vs PART, ADV vs ADJ, DET vs PRON,
uses of words like muna (NOUN vs ADP vs PART), noxody (NOUN vs ADV), cmomps,
s3nauum (VERB vs ADV). Such errors may also be triggered by low quality markup
in training sets since frequent homonyms are difficult to be spot-checked manually.
In addition, from the point of view of linguistic theory and existing corpus practices,
there are well known cases that can be approached differently and thus tagged incon-
sistently in various training data. These include:

12
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* participles vs. verbal adjectives (gonryrowuil, o6pazogamHslil, zperowyuil, HauuU-
max, 0643aH, etc.),

* words such as Hesb3s, Hado, nopa tagged as VERB vs ADV vs NOUN,

* inconsistency in lemmatizing the nouns ending with -ue/-ve (e.g. 6e3ymue—~o6es-
ymoe) and adjectives ending with -oil, -stii (epyrmoswiii—ezpyHmogoil).

In general, we observe that the systems do well with the morphological feature
ambiguity. There are relatively few errors due to the paradigm syncretism (eg. co-
6uvtmus Case=Acc Number=Plus vs. co6stmus Case=Gen Number=Sing). The most
common errors in morphological features are as follows:

* animacy in adjectives, pronouns and numerals (systems add animacy not only
for those word forms where difficulties in analysis are possible); this feature is of-
ten mistakenly identified if the word is uppercase and / or comes first in the
sentence;

» features of the verb 6stms (all systems add aspect);

* gender: the competing systems attribute gender to adjectives in the plural,
make mistakes in determining the gender of proper names, there are also er-
rors with the gender of common nouns in indirect cases (even though the lemma
is defined correctly);

* case: some systems systematically add case to short adjectives and participles
in the predicative position;

* aspect. Errors arise in biaspectual verbs (nodguszaemcs, muryem, etc.);

* voice: all systems mark finite verb forms ended with -cs as passive (Pass) rather
than middle (Mid);

* degree in adjectives and adverbs: the participants often do not tag superlative
(Sup) and comparative (Cmp) degree.

Table 10 presents top-20 mismatches in the dependency relation labeling®, with
occurrences (N) calculated over all systems. For the most part, these are mismatches
between flat syntactic relations, clause and phrase joining relations, verb-argument
relations, and modifier relations mixed with either other modifiers or argument rela-
tions. The common source of errors is register-specific tokens and constructions such
as ‘==, “**¥ ‘@quot’ punctuation marks in wiki and social media texts, attachment
of interjunctions (discourse) incorrectly predicted as parataxis, the list rela-
tions common to the wiki biographies also predicted as parataxis. It can be seen
that the best system is accurate in predicting the punct relations, which is problem-
atic to the other three systems. At the same time, it is low-sensitive to the fixed, dis-
course, parataxis, vocative, compound, and 1list relations.

All systems tend to mix indirect objects (iobj) in the instrumental case with
oblique (obl). This and a large number of other core argument relation mismatches can
probably be attributed to argument relations incorrectly represented in UD-Syntagrus,
the main training dataset for Russian parsers. The alluvial confusion plot (Figure
2) demonstrates that in many cases, the systems make errors in argument relations

5 For the definition of relations see the UD site
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differently. However, we find that, relative to the 2012 shared task, the core argument
relation labeling has improved significantly and such errors are rare in all systems.

The 17th c. dataset, on which all systems demonstrated low scores, require sepa-
rate attention. In these texts, archaic endings and orthography are main factors that no-
ticeably affect the system’s performance in pos and lemma analysis. No more than one
system was able to analyse words such as makoga, 8cskogo, moneps, akpome, OKUSIHO,
ko3Hoto for pos and dsecme, demeu, 3emHazo, niagarus, 38ep , umums, weddecsim for
lemmas correctly. Register-specific training efforts were justified when analysing the
close-class words such as a3, and komoputii. Unlike in other registers, nominal phrases
were challenging for parsing due to time-specific syntactic patterns in named entities
(e.g. mixed genitive-possessive construction in Ha PomaHose omuya ux nomecwve, com-
pound in Mns myp3oto) and the long chains of genitive groups with inverse word order.

Table 10: Most frequent mismatches in dependency relations

N gold predicted N gold predicted
74 punct discourse 19 obj nsubj

49 parataxis appos 18 amod nummod
42 iobj obl 18 punct parataxis
40 list parataxis 17 obj obl

38 parataxis conj 16 conj parataxis
32 discourse parataxis 15 appos nmod

24 amod appos 15 discourse advmod
24 nmod appos 15 mark advmod
23 obl nmod 15 xcomp obl

20 nsubj obj 14 appos parataxis

ADVance

gold gbic

Figure 2: Core argument and nominal modifier relations
incorrectly predicted by either of top-2 systems
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9. Conclusion

During GramEval shared task we have introduced a new approach to full mor-
phology and dependency parsing evaluation for Russian:

* testing and training procedures were carried out on greater variability of text
sources—considering temporary, stylistic and genre variation

* the public and private test phases were organized on an open platform, expand-
ing the capabilities of participants and allowing them to become more familiar
with the overall performance of their systems on different data;

* new training data was prepared, both with automatic annotation and with both
automatic and expert assessment of the data;

* the competition guidelines provide compatibility with the UD standard, as well
as at the level of additional metrics—compatibility with the CONLL competitions;

 as the result of the competition, a comparison of different parsing strategies was
obtained, and a new state-of-the-art method for full Russian morphological pars-
ing of Russian.

The competition leaderboard is now permanent at the CodaLab, and we welcome
researchers and developers to submit their systems to the leaderboard and compare
their results with other approaches.

All materials of GramEval 2020 including supplementary tables and figures for
this paper are available at the shared task repository®. As the collection represents the
vast variety of genres, registers, corpora, annotation practices, with new development
and test data checked manually, we hope that the output GramEval 2020 will stay
practical and relevant for the NLP community.
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Figure 3: Systems’ scores by register
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