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Abstract

The Universal Dependencies (UD) project has grown rapidly through semi-automatic conversion of existing
treebanks, but ensuring the quality of converted annotations remains a challenge. Manual verification does not
scale, and existing automatic methods cannot distinguish conversion errors from inherent annotation complexity.
We present a method that addresses this gap by training two parsers on a token-aligned parallel corpus: one on
the original annotation and one on its UD conversion. By requiring correct predictions from the parser trained on
the original annotation, our approach isolates errors specifically introduced during conversion while filtering out
cases where the construction is simply difficult to parse. We demonstrate the effectiveness of this method on the
SynTagRus corpus and its UD counterpart. To enable a direct comparison, we created a fully token-aligned version
of the two corpora, resolving differences in tokenization and ellipsis representation. We also proposed a simple
method for aligning syntactic relations across the two corpora, addressing the fact that relations involving the same
token do not always correspond due to differences in annotation schemes. Our analysis identified several hundred
errors in the test set. These comprise six distinct types of conversion errors, three of which persist in the current
converter, and ten groups of annotation inconsistencies between the old and new corpus parts. Our method offers
a practical, scalable tool for conversion error detection and is applicable to any language pair with aligned original
and converted annotations.
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Annoramus

IIpoekt Yuusepcanbubix 3apucumocteil (UD) akTMBHO pasBUBaeTCA, B TOM HUHCJE Oarogapst mo-
JIyaBTOMATHUYIeCKOW KOHBEPTAINU CYIIECTBYIOIINX KOPIIYCOB C CHHTAKCUYECKOW Da3METKOMH, UTO Tpe-
OyeT aHaJM3a KadeCTBa KOHBepTaluu. PydHasi MpoBepKa He MacCIITaOUPYeTCsl, a CYIIEeCTBYIOIINE aB-
TOMATHYECKHE METOIbI HE MO3BOJIAIOT OTIAEIUTH OMMUOKNA KOHBEPTAIMU OT OIMIMOOK, BHOCHMBIX CAMUM
MeTomoM. MubI mpepjiaraeM MOAXO[I, PEIIANnii 5Ty mpobseMmy. A MMeHHO, MBI 06ydYaeM JBe MOJIEIN
aBTOMATHYECKON CHHTAKCHUYECKOH pPasMeTKNM Ha JBYX KOPIIyCaxX, BbIPDABHEHHBIX HA YPOBHE TOKEHOB:
OJIHY Ha MCXOIHOM KOPITyCe, IPYTYI0 Ha CKOHBEPTUPOBAHHOM. AHATU3UPYsT TOJIBKO Te CIydau, TIe MO-
Jesb, oOyueHHast Ha MCXOMHOM KODPITyCe, TaeT BepHOe IIPEJICKAa3aHue, HAIl IIOXO0J BBIIEJsIeT ONIHOKH,
06yCJIOBJIEHHBIE UMEHHO KOHBEPTAIlMel, OTCENBasi MPU ITOM CJIyJau, CJTOXKHbBIE JJIsl aHATU3a MOJIEJBIO.
DddexkruBHOCTL MeTOMA eMoHCcTpUpyeTca Ha kopiyce CunTarPyc. [l npsmoro cpaBHeHUsI Mbl CO-
3/1aJT TIOJTHOCTHIO BBIDABHEHHYIO Ha YPOBHE TOKEHOB BEPCUIO JIBYX KOPITYCOB, YCTPAHUB PAaCXOKICHUST
B TOKEHHU3AIINH M [PEICTABIEHAN SJIIUICUCA. MBI TaK»Ke MPEJIOKUIN IPOCTON METO/T COTJIACOBAHUS
CUHTAKCUYECKUX OTHOIIEHUI MEXKIy NBYMsl KOPILYCAMH, IMOCKOJIbKY OTHOIIEHUS, TTPUITUCAHHBIE OJTHO-
My ¥ TOMY K€ TOKEHY, He BCErJa COOTBETCTBYIOT JAPYT JAPYTy M3-3a PA3JUUMUil B CXeMaxX AHHOTAIUU.
Hairr moixo/ BBISIBII HECKOJIBKO COTEH OMIUOOK B T€CTOBOI BBIOOpKE. Cpey HUX — IECTh PA3JTMIHBIX
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TUNOB OMMUOOK KOHBEPTAIMU (TPU M3 KOTOPBIX COXPAHSIOTCA B TEKYIIEH BEPCHM KOHBEPTEPA) U ECATH
IPYIII PACCOIVIACOBAHMI B Pa3MeTKe MeXKJy CTapOoil U HOBOM YacTsMu Kopiyca. IIpeaioKeHHbIit MeTo/t
Mpe/iCTaBIseT COO0it 3(pDEKTUBHBIN U MACIITAOMPYEMBINl MHCTPYMEHT JJIsl BBISBJIEHUS OIMMOOK KOH-
BepTaIi U MOXKET OBbITh IIPUMEHEH K JII0O0MY KOPITyCy IIPY HAJIMYUN BHIDABHEHHBIX OPUTMHAJIBLHONW U
CKOHBEPTUPOBAHHON Pa3MeTOK.

KiroueBsbie ciioBa: oOHapy»keHMe OIMMOOK KOHBepTaluu, OOHapy»KeHue ommbOK pa3Merku, Retag,
CunTarPyc, cunrakcuc, YHUBepCcaJbHbIE 3aBUCUMOCTH

1 Introduction

The Universal Dependencies (UD) project (de Marneffe et al., 2021) is a valuable resource for multi-
lingual research in computational linguistics, providing over 200 treebanks in more than 150 languages
under a unified annotation scheme. The project continues to grow: each new UD release adds both new
languages and new corpora for already represented languages. Many of these treebanks are not annotated
natively in UD but converted from pre-existing annotation schemes (Sung and Shin, 2025; Cecchini et
al., 2020; Branco et al., 2022).

However, the conversion process is inherently error-prone, so ensuring annotation quality in converted
treebanks is therefore an important practical problem. Manual verification does not scale to corpora con-
taining tens of thousands of sentences, and standard quality assessment methods such as inter-annotator
agreement are not applicable, since the converted annotation typically exists as a single version. Auto-
matic error detection methods designed for finding internal inconsistencies within a single corpus exist,
but they often require manual filtering of errors since not all of them are genuine conversion errors.

In this paper, we propose a method that addresses this gap by exploiting the availability of both the
original corpus and its converted version. We train two parsers on a token-aligned parallel corpus and use
the disagreement between two parser on a held-out test set to identify errors attributable to the conversion.
Conditioning the error analysis on the original annotation allows us to filter out constructions that are
difficult for parsing in general and isolate errors introduced specifically by the conversion procedure.

We apply this method to the SynTagRus/SynTagRus-UD pair, where SynTagRus-UD was derived
by automatic conversion from the SynTagRus dependency corpus. To achieve direct comparison, we
construct a token-aligned version of the two corpora, including restored elliptical constructions. Since
the corpus was converted in two stages by different converter versions, we stratify the error analysis by
corpus part, which allows us to distinguish persistent conversion errors from annotation inconsistencies
introduced by the change of converter. The identified errors are analyzed linguistically and accompanied
by practical recommendations for improving the corpus.

2 Related Work

Many Universal Dependencies treebanks are created by automatic conversion from existing annota-
tion schemes, using methods ranging from tree transducers (Borges Volker et al., 2019) to rule-based
pipelines (Arnardoéttir et al., 2023) and multi-layer conversion (Peng and Zeldes, 2018). The conversion
of SynTagRus to UD is described in (Droganova and Zeman, 2016), which details the structural transfor-
mations and label mappings applied during the conversion process. Cross-treebank parsing experiments
to assess consistency among the four Russian UD treebanks were later conducted in (Droganova et al.,
2018). That work focuses on comparing different treebanks of the same language, whereas we compare
the original and converted versions of the same corpus, which allows us to trace errors directly to specific
conversion rules.

A number of methods have been proposed for detecting annotation errors within a single corpus. The
variation nuclei approach (Boyd et al., 2008) flags cases where the same pair of words appears in identical
local contexts but receives different dependency labels, suggesting that one annotation is erroneous. This
method was later extended for UD corpora and shown to be effective for English, French, and Finnish (de
Marneffe et al., 2017). A complementary approach (Alzetta et al., 2017) detects systematic errors by
measuring the reliability of individual dependency arcs, focusing on error patterns that a parser would
replicate during training. A broad survey and reimplementation of 18 error detection methods across
different annotation tasks is provided in (Klie et al., 2023); our method can be seen as an extension of



Extending Retag to Detect Conversion Errors in Syntactic Annotation: SynTagRus as a Case Study

the Retag approach described there, which uses a model trained on the same data to flag tokens where
the prediction disagrees with the gold label.

Several studies use trained models as an indirect measure of annotation quality. Cross-treebank parsing
accuracy has been interpreted as an indicator of annotation consistency (Droganova et al., 2018). An
alternative approach is to regenerate sentences from their UD annotations and flag cases where the output
differs from the original text (Lapalme, 2021). More recently, large language models have been used to
compare two versions of a Turkish UD treebank by prompting the model to recover surface forms from
annotations (Akkurt et al., 2024).

A common limitation of all the approaches mentioned is that they do not distinguish between genuine
errors and model-related errors. These methods assess annotation quality globally through aggregate
metrics or sentence-level comparison, but do not identify which specific annotation decisions are respon-
sible for the errors. This results in labor-intensive process of manually filtering these errors to find the
relevant ones. Our method addresses this limitation by conditioning error detection on the annotation of
the original corpus.

3 Data Preprocessing

This study uses two morphologically and syntactically annotated corpora of Russian to demonstrate the
proposed method: SynTagRus and its version within the Universal Dependencies project.

3.1 SynTagRus and SynTagRus-UD

SynTagRus! is a deeply annotated corpus of Russian developed by the Computational Linguistics Labo-
ratory of IITP RAS (Boguslavsky et al., 2024). The corpus is an autonomous component of the Russian
National Corpus, which provides a corpus search interface. Its source texts include contemporary fic-
tion, popular science articles, newspaper and journal publications, as well as online news texts. The
corpus features multi-level annotation, but the present study uses only the morphological and syntactic
layers.

SynTagRus-UD? is a version of SynTagRus within the UD project, available since the v1.3 re-
lease (Droganova and Zeman, 2016). The conversion from SynTagRus to UD involved changes at both
the structural and labeling levels. At the structural level, prepositions, conjunctions, and auxiliary verbs
(which serve as syntactic heads in SynTagRus) were demoted to dependent positions following the UD
principle that relations hold primarily between content words. At the labeling level, the 68 SynTagRus
dependency relation types were mapped onto 37 universal UD types and 11 subtypes; only 16 univer-
sal types have a direct equivalent, while the rest require morphosyntactic context for disambiguation.
Punctuation, which is not tokenized in the original SynTagRus, was added as independent nodes in the
dependency tree. Elliptical constructions, explicitly represented in SynTagRus, were transferred to the
enhanced dependency structure and not present in the basic structure.

3.2 Corpus Alignment

The alignment of the two corpora follows the procedure described by other authors (Timchenko and
Movsesian, 2024), where SynTagRus was converted to the CoNLL-U format, punctuation and multi-
word expressions were unified, and sentence pairs were matched by token identity. To align sentences
with ellipsis, the authors used enhanced dependency structure of SynTagRus-UD. That procedure aligned
most of the sentences; here we describe the additional steps that brought coverage to 100%.

The sentences that were not aligned in the mentioned work fall into two groups. The first involves neg-
ative pronominal constructions (nexyda, Hewezo, nezavem, etc.), which are single tokens in SynTagRus-
UD but split into e and a pronominal component in SynTagRus. The second group consists of sentences
where the number of elliptical nodes differs between the two corpora. For these, redundant elliptical to-
kens in SynTagRus were removed, and the affected dependency arcs were reattached to preserve a valid
tree, with priority given to nodes that have a corresponding counterpart in the UD corpus.

'https://ruscorpora.ru/page/corpora-datasets

*https://ruscorpora.ru/en/search/syntax
*https://github.com/UniversalDependencies/UD_Russian-SynTagRus
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All modifications were applied exclusively to SynTagRus; the UD corpus is preserved in its original
form with the exception of preprocessing extended dependency structures. About 200 sentences required
manual correction. The result is a fully aligned parallel corpus: every sentence in SynTagRus-UD has a
counterpart in SynTagRus with identical tokenization. Table 1 presents the corpus statistics.

Parameter Total corpus | New part (2015-2020) | Old part
Number of sentences 87,337 25,447 61,890

Number of tokens 1,517,783 410,101 1,107,682
Number of elided tokens 2,197 757 1,440

Table 1: Characteristics of the parallel corpus (SynTagRus/SynTagRus-UD).

3.3 Data Division

The data is split into training, validation, and test sets following the original SynTagRus-UD partition.
It is known that the old and new parts of the corpus have different annotation due to the use of different
converter versions (Timchenko and Movsesian, 2024). To account for this, we additionally stratify the
data by the period of conversion, yielding six parallel datasets: the full corpus, the old part, and the new
part, each for both SynTagRus and SynTagRus-UD.

4 Method

The Retag method (van Halteren, 2000) detects annotation errors by training a model on the corpus
of interest and flagging tokens where its predictions disagree with the gold annotation. We extend it
to detect conversion errors by training two parsers on SynTagRus and SynTagRus-UD and comparing
inconsistencies between parsers’ predictions and gold annotation. If a parser trained on SynTagRus
consistently handles a construction correctly, while a parser trained on SynTagRus-UD fails, the failure is
likely related to the conversion process. The comparison requires that every dependency arc in one corpus
can be unambiguously mapped to an arc in the other; this is achieved through token-level alignment
(Section 3.2) and arc direction alignment (Section 4.2).

Klie et al. (2023) report that, within the range of reasonably performing models, varying the under-
lying model primarily shifts the precision/recall trade-off of errors detected by Retag rather than the
types of patterns surfaced. We therefore expect a stronger model to mainly affect the noise level of the
found conversion errors, leaving the relative distribution of errors across linguistic categories largely
unchanged.

Nevertheless, we use UDPipe 2 (Straka, 2018) as the underlying model that has one of the strongest
published parsing performance for SynTagRus-UD. UDPipe 2 is a multi-task model that utilizes pre-
trained contextual embeddings from a multilingual BERT model and jointly predicts morphological fea-
tures and dependency relations. The model operates on pre-tokenized input: tokens are taken directly
from the gold annotation, and the model predicts only morphological features and dependency relations.
As aresult, predicted dependency trees are always defined over the same token set as the gold annotation.
All hyperparameters are kept at their default values.

We train models in two configurations: syntax-only (predicting HEAD and DEPREL) and joint mor-
phosyntax (additionally predicting UPOS and FEATS). Each configuration is trained on six datasets
described in Section 3.3, yielding 12 models in total. We report Unlabeled Attachment Score (UAS)
and Labeled Attachment Score (LAS) as the primary evaluation metrics, additionally computing them
separately for elided tokens (UAS¢y; and LAS.p).

4.1 Handling Ellipsis

Elided tokens require special treatment because they lack surface forms. We explore two strategies for
representing them as input to the model. In the first, each elided token is replaced with the BERT mask
token ([MASK]), allowing the model to infer its syntactic role from context. In the second, word forms
are restored based on the lemma information available in SynTagRus; in rare cases where the elided word
18 unknown, the mask token is retained.
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4.2 Aligning Syntactic Relations

An additional step is required to ensure that the comparison of dependency labels is meaningful. SynTa-
gRus and UD use different structural conventions: in SynTagRus, prepositions, conjunctions, and auxil-
iary verbs serve as syntactic heads, whereas in UD they are dependents. As a result, some dependency
pairs that require comparison have different tokens as their dependents in the corresponding corpora.

To address this, we apply a preliminary transformation to the SynTagRus annotation. Whenever token ¢
is the head of token j in one corpus while token j is the head of token ¢ in the other, we reverse the arc
direction for these two tokens in the SynTagRus annotation to match the UD convention. After this
transformation, the arc directions are consistent across the two corpora, and the dependency labels can
be compared at token level.

5 Results

5.1 Parsing Performance

Table 2 compares the two ellipsis handling strategies described in Section 4.1 on syntax-only models.
Restoring word forms substantially improves parsing performance for elliptical constructions across all
datasets while leaving overall UAS and LAS virtually unchanged since the number of sentences with
ellipsis is relatively small. The mask token strategy yields comparable overall results and has the advan-
tage of being applicable to any corpus, since it does not require word forms synthesis. We adopt word
form restoration for the remaining experiments.

Mask token Restored word forms
Dataset UAS LAS UASa LASaq | UAS LAS UASa LASa
SynTagRus-UD 94.58 92.73  78.68 70.96 | 94.57 92.74 87.13 82.72

SynTagRus-UD-Old  95.15 93.82 7282  65.64 | 9507 93.75 8513 81.54
SynTagRus-UD-New  94.03 9237 83.12 7532 | 94.18 9254 85.71 81.82

SynTagRus 94.83 9123 8456 7684 | 94776 91.19  92.65 85.29
SynTagRus-Old 95.19 9136 80.51 7231 | 9524 9145 90.77  84.62
SynTagRus-New 94.11 90.00 9091 80.52 | 94.15 90.13  94.81 85.71

Table 2: Comparison of ellipsis handling strategies (syntax-only models).

Table 3 presents the evaluation results for the syntax-only and joint morphosyntax models across the
six datasets.

Dataset Regime UAS LAS UASa LASa

Syntax 9457 9274  87.13 82.72
SynTagRus-UD Joint 9462 9285 8824 8272
Syntax 9507 9375 85.13 8154
Joint 9512 9389 8513  81.03
Synax 9418 9254 8571 8I.82
Joint 9408 9258 9221  87.01
Syntax 9476 9119 02.65 8529
Joint 9474 9106 9301  87.50
Syntax 9524 9145 0077 84.62
Joint 9524 9139 9231  87.69
Synax 9415 90.13 9481 5.7
Joint 9417 9015 9610  87.01

SynTagRus-UD-Old

SynTagRus-UD-New

SynTagRus

SynTagRus-Old

SynTagRus-New

Table 3: Evaluation results for syntax-only and joint morphosyntax models with restored ellipsis word
forms. UAS.j and LAS,) are computed on elided tokens only.

Joint training provides marginal gains over syntax-only models, confirming that the addition of mor-
phological tagging does not substantially improve syntactic quality in a multi-task setting. This is con-
sistent with the findings of previous studies (Zhou et al., 2020).

Models trained on the old part outperform those trained on the full corpus. The differences are con-
sistent, confirming the annotation heterogeneity between the two periods and supporting the decision to
analyze conversion quality separately for the old and new parts.
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Based on these observations, the error analysis in the following sections is conducted on the syntax-
only models.

5.2 Syntactic Analysis

All tables in this section are filtered by the same thresholds: we retain only error patterns where at least
one of the three corpus versions (full, old, new) contains at least 10 errors and where the error rate
exceeds 1% in at least one version.

The analysis proceeds in three stages. First, we group the errors by (SynTagRus gold relation, UD gold
relation, UD predicted relation) triples and sort them by the absolute number of errors in the new part of
the corpus. Since the new part was processed by the current converter, errors found here may represent
active conversion issues. Second, we exclude the cases already examined and sort the remainder by the
number of errors in the old part, which may reveal issues specific to the earlier converter version. Third,
we sort the remaining cases by the number of errors on the full corpus.

5.2.1 Errors in the New Part

Table 4 presents the error triples sorted by the number of errors in the new part of the corpus. Three
of the five groups (unpenuk, ompes, arpud) represent conversion errors; the remaining two (ammos,
pasbsicHUT) are model errors.

deprelsynmagrus  deprelsynmagrusup  Predsyntagrus-up | full % | old % | new % | total
IIpeTUK nsubj:pass nsubj 99 88 | 78 84 30 151 207
omnpes, acl amod 48 4.5 29 3.6 17 6.4 94
arnmno3 appos flat:name 36 32 15 1.6 15 9.1 66
pPa3bsACHUT appos parataxis 17 773 0 0.0 14 66.7 31
aTpud nmod obl 71 25| 56 25 11 1.9 138

Table 4: Error triples sorted by the number of errors in the new part. These represent potential conversion
errors in the current converter.

5.2.2 Errors in the Old Part

Table 5 presents the error triples sorted by the number of errors in the old part of the corpus, after
excluding cases already discussed in Table 4. Four of the seven groups (1-komii—obl/obj, mpumbikaT,
root) represent conversion errors; the remaining four are model errors.

deprelsyntagrus  deprelsyntagus-up ~ Predsyntagrus-up | full % | old % | new % | total
1-xomILT obl obj 109 33 ] 55 2.1 4 06 168
obct obl nmod 58 1.2 | 40 1.0 7 07 105
IIPUMBIKAT appos parataxis 44 80.0 | 37 712 0 0.0 81
1-xoMmILT obj obl 149 29 | 30 08 6 04 185
CPaBHUT obl advcl 17 75 | 21 127 0 0.0 38
arnmno3 appos nmod 18 1.6 12 1.2 4 24 34
root cop root 18 36.0 11 524 1 35 30

Table 5: Error triples sorted by the number of errors in the old part (after excluding cases from Table 4).

5.2.3 Errors in the Full Corpus

Table 6 presents the 10 most frequent error triples sorted by the number of errors on the full corpus, after
excluding cases from Tables 4 and 5. These cases share a characteristic pattern: high error counts on the
full corpus but low counts on both the old and new parts individually, indicating annotation inconsistency
between the two converter versions.

6 Discussion

The error filtering procedure identified 22 error triples that meet our thresholds across Tables 4, 5, and 6.
Of these, six represent model errors: cases where the gold UD annotation is correct but the model fails to
predict it. While not conversion errors, these cases are informative: they highlight constructions where
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deprelsynTagrus  deprelsyntagrus-up  Predsyntagrus-up | full % | old % | new % | total
KOJINYECT nummod:gov nummod 77 245 7 4.1 2 14 86
CpPaBH-COIO3H  case mark 61 939 3 60.0 0 0.0 64
TIPUCBS3 xcomp obl 54 76.1 5 50.0 0 00 59
1-xoMILI xcomp obl 48 35 6 0.6 0 00 54
ober obl:tmod obl 45 804 4 100.0 1 19 50
2-KOMILI iobj obl 43 6.4 6 14 0 00 49
1-xomILT iobj obl 41 8.4 4 1.3 0 00 45
areHT obl:agent obl 31 81.6 1 100.0 0 00 32
armmo3 flat:name appos 29 4.9 8 1.7 6 45 43
2-KOMIL xcomp obl 27 18.0 2 2.2 0 00 29

Table 6: Error triples sorted by the number of errors on the full corpus (after excluding cases from
Tables 4 and 5).

the UD scheme introduces distinctions that are difficult for the parser to learn. The remaining 16 triples
divide into conversion errors and annotation inconsistencies, which we analyze below.

6.1 Conversion Errors

Table 7 summarizes the six conversion errors identified across Tables 4 and 5. They fall into two groups:
errors present in both parts of the corpus, which persist in the current converter, and errors concentrated
in the old part, which have been largely resolved.

Error Correct relation  Scope Total
npenuk — nsubj:pass  nsubj both parts 207
ompen — acl amod both parts 94
aTpub — nmod obl both parts 138
1-xommr — obl obj mainly old 168
NIPUMBIKAT — appos  parataxis old only 81
root — cop root old only 30

Table 7: Summary of conversion errors. “Scope” indicates whether the error is present in both corpus
parts or predominantly in the old part. “Total” is the number of errors across all three corpus versions.

6.1.1 Errors Present in Both Parts

npeauk — nsubj:pass instead of nsubj. This error arises in sentences with two coordinated predicates,
one in the active voice and one in the passive voice. Example 1 illustrates this. The gold annotation
assigns nsubj:pass to the subject, apparently because the converter detects the presence of a passive
construction somewhere in the sentence and propagates the :pass suffix to the subject of the active
predicate.

conj

[

(1) Kysa omyctun pydky , HO ObLI pa30vapoBaH ...
Kuzya lowered his pen , but was disappointed ...

onpezn — acl instead of amod. In UD, amod marks simple adjectival modifiers, while ac1 is reserved
for clausal modifiers of nouns. The converter apparently distinguishes the two by checking whether the
modifier has any dependents: if it does, the relation is assigned acl. However, dependents such as conj
(in coordinated adjective sequences) or parataxis (in parenthetical insertions) do not make the modifier
clausal in the UD sense. Example 2 illustrates this case.



Timchenko D., Movsesian A.

*acl
)

conj
[ 1

(2) ... TOJICTBIE , ILJIOXO BBIIIEUEHHBbIE KHUTU . ..
thick | poorly baked books ...

=

onpe/;

arpud — nmod instead of obl. In UD, nmod is used for nominal modifiers of nouns, while obl marks
oblique dependents of predicates. In many of the flagged cases, the dependent is a prepositional phrase
that modifies a predicative head (an adjective, verb, or pronoun) and therefore should be obl rather than
nmod. Example 3 illustrates this.

(*nmod}

)

(3) ... HENOJIBEMHBIM JIJIsI IKOHOMUKH
unaffordable for the economy .

6.2 Errors Concentrated in the Old Part

1-xommr — confusion between obl and obj The converter assigns obj only when the dependent bears
accusative case; all other complements of the SynTagRus relation 1-komr receive obl. This misclassi-
fies arguments of verbs that license accusative objects but appear in a different morphological form in a
given context — most commonly, genitive under negation (Example 4). According to the UD guidelines,
the determining factor should be whether the verb is capable of licensing an accusative object, not the
morphological case in a particular sentence.

4 a gobus Hlocrakosuua . ..
“) I d1d not like Shostakovichgen ...

e\

npuMbIKaT — appos instead of parataxis. In UD, appos is intended primarily for the relation be-
tween two nominals in apposition. The converter maps the SynTagRus relation npumbikaT to appos
whenever the morphological features of the dependent and its head fully coincide, without checking
whether both elements are nominal. As a result, appos is assigned too broadly, including cases where
the dependent is a parenthetical elaboration involving adjectives, participles, or clausal elements, where
parataxis would be more appropriate (Example 5).

* g <

/ appos \4

5 . boJiee TIPOCTHIX . DJIEMEHTAPHbBIX
®) ... more simplege, ( ... elementarygen ) ...

IPpUMBbIKAT

root — cop instead of root. The converter treats all constructions with forms of 6wms» ‘to be’ as
copular, demoting 6mmo to cop and promoting the nearest nominal or prepositional dependent to root.
While this is correct for true copular sentences, it misanalyzes existential and locative constructions
where 6wmo is the main predicate of the clause (Example 6).
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6 Hedranas 3aBucuMocTh y Hallleit 9KOHOMUKH ObLIa  yKe TOLJA .
(©6) Oil dependence of our economyg., was already then

6.3 Annotation Inconsistencies

Table 8 summarizes the annotation inconsistencies identified in Table 6. These arise because the old and
new parts of the corpus were processed by different converter versions. In every case, the new converter
assigns the correct label, while the old converter produces an incorrect one.

SynTagRus relation Old — New label Errors (full)
KOJIMYECT nummod — nummod:gov 77
CPaBH-COIO3H mark — case 61
IIpUCBA3, 1-KoMILI, 2-KoMIIT  obl — xcomp 129
obcr obl — obl:tmod 45
areHT obl — obl:agent 31
1-xomm1, 2-KoMIII obl — iobj 84
aInmno3 appos — flat:name 29

Table 8: Summary of annotation inconsistencies between the old and new corpus parts. The “Old — New
label” column shows the incorrect label assigned by the old converter and the correct label used by the
new converter. “Errors (full)” is the number of errors on the full corpus attributable to the inconsistency.

The inconsistencies fall into several groups. The most frequent case involves kKojimdecT — num-
mod:gov vs nummod: the subtype :gov marks constructions where the numeral governs the case of the
noun, but in the old part of the corpus it is not consistently applied. A similar pattern holds for cpasu-
coro3H — case vs mark, where subordinating conjunctions such as wem ‘than’ and xax ‘as’ are correctly
labeled case in the new part but mark in the old part. The relations npucss3, 1-komrri, and 2-Komiui,
all mapped to xcomp vs obl, reflect the same underlying issue: predicative and clausal complements
that should receive xcomp are labeled obl in the old part. Two further groups, obct — obl:tmod vs obl
and areaT — obl:agent vs obl, involve missing subtypes in the old annotation. The 1-kommi/iobj and
2-xoMm1u1/iobj groups mirror the obj/obl issue discussed in Section 5.2.2: non-accusative core arguments
receive obl in the old part but iobj in the new part. Finally, anmos — flat:name vs appos reflects in-
complete application of the flat :name relation in the old part, where multi-word proper names are left
as appos.

6.4 Comparison with Annotation Error Detection

Here we illustrate the effect of using two parallel corpora. Table 9 shows the top 10 error pairs (UD
gold relation, UD predicted relation) obtained by evaluating only the SynTagRus-UD-trained model,
without filtering by the SynTagRus-trained model. This is the baseline that would be available without
the original corpus.

These errors reveal two problems with this approach. First, while it successfully identifies conversion
errors, they are difficult to analyze because the source of each error is unknown. For example, many
of the 138 nmod — obl errors in Table 4 are genuine conversion errors which can be traced to the
specific section of the conversion algorithm. At the same time, Table 9 contains more than 700 such
errors. Although determining which of these are actual conversion errors requires additional research,
they cannot be traced to the same section of the conversion algorithm, since they correspond to different
syntactic relations in SynTagRus rather than solely the attributive one.

Second, many of the errors from Table 9 are model-related and not attributable to conversion process
in any way. This includes confusion between adverbial modifier and subordination marker (mark —
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Full (0)0i1 New
gold pred n % | gold pred n % | gold pred n %
nmod obl 393 3.2 | nmod obl 306 3.1 | nmod obl 89 4.0
obl nmod 367 2.9 | obl nmod 275 2.8 | obl nmod 80 3.0
obj obl 159 3.1 | nsubj:pass nsubj 78 8.4 | nsubj:pass nsubj 30 151
iobj obl 158 109 | appos parataxis 75 6.3 | root conj 25 1.1
xcomp obl 144 8.9 | conj parataxis 59 1.1 | parataxis conj 23 2.5
appos parataxis | 114 8.0 | parataxis conj 56 2.4 | parataxis root 22 24
nsubj:pass nsubj 100 8.9 | obj nsubj 52 1.4 | iobj obl:agent | 20 3.7
nummod:gov  nummod 83 21.5 | parataxis root 41 1.8 | appos parataxis | 19 8.0
parataxis conj 76 2.3 | appos nmod 40 3.3 | obj nsubj 19 1.3
obl:tmod obl 68 81.9 | mark advmod 39 20 | acl amod 18 39

Table 9: 10 most frequent error pairs (UD gold, UD predicted) without filtering by the SynTagRus model.

advmod), confusion between subject and object for nouns in accusative case (obj — nsubj), and other
errors which are standard for modern parsers.

7 Conclusion

We presented a method for detecting conversion errors in treebanks by training two parsers on a token-
aligned parallel corpus: one on the original annotation and one on its conversion. By filtering for cases
where only the conversion-trained parser fails, the method isolates errors attributable to the conversion
process.

Applied to the SynTagRus/SynTagRus-UD pair, the method identified six types of conversion errors
— three persisting in the current converter and three concentrated in the old part — as well as ten groups
of annotation inconsistencies.

While the method allowed to detect conversion errors with high precision, it has several limitations.
First, the current analysis is restricted to the test set; extending it to the training data would require
a cross-validation setup with multiple models trained on complementary splits so that every sentence
is evaluated exactly once. Second, we achieved full token-level alignment between SynTagRus and
SynTagRus-UD, but this may not always be possible for other corpus pairs. Similarly, the arc direction
alignment procedure (Section 4.2) has not been formally analyzed: it is not clear whether it covers all
structural differences between corpora. Fourth, by restoring ellipsis we excluded from the analysis con-
version errors involving the orphan relation and related constructions, since investigating these would
require substantial modifications to the original SynTagRus annotation. Moreover, for corpora where
ellipsis restoration is not possible, the mask token strategy would have to be used, which yields lower
parsing performance for elliptical constructions; improving this strategy is a direction for future work.

Despite these limitations, the method provides a practical and scalable tool for conversion error de-
tection. In future work, we plan to apply the method to the current version of SynTagRus, which has
undergone substantial revision since the versions used for the UD conversion.
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