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Abstract

The creation of a robust evaluation method-
ology is one of the pivotal issues for transfer
learning between closely related lects. The
current study proposes to resolve this issue by
concisely implementing a group of evaluation
methods that enable a more systematic qualita-
tive analysis of errata (for instance, string sim-
ilarity measures to assess lemmatisation more
effectively). The paper introduces a robustness
score, a metric that aims to assess the stability
of model performance across different datasets.

The case study is a morphosyntactic tagging
of a small historical (beginning of the twen-
tieth century) corpus of Lemko (Slavic clade,
Transcarpathian area). It presents a diversity of
cross-dependent tasks, made rather complex by
the rich Lemko morphology, highly influenced
by areal convergence processes. The tagger is
a pre-trained Stanza. The study uses modern
standard Ukrainian as the source language, as it
is the closest to the Lemko high-resource lect.

The analysis reveals that linguistically-aware
metrics improve the speed and accuracy of
analysis of the errata, especially those caused
by the differences between source and target
lects. The key data contribution is the open-
source dataset of Lemko, obtained during the
tagging tasks. Future research directions in-
clude a larger-scale test that applies more mod-
els to a more extensive material.

1 Introduction

The study addresses the lack of robust method-
ology for evaluation of transfer learning between
closely related lects! that can foster linguistics-
aware enhancement of the models (Section 2 refers

'The word lect here denotes any group of individual lin-
guistic repertoires (including a single one, idiolect) that could
undergo approximation to a single system of features that form
phonetic, grammatical, and lexical systems (Campbell, 2013,
p- 191). The most frequently discussed types of lects are
sociolects (lects of particular social groups), dialects (small
territorial lects), and standard lect (nation-wide, codified, of-
ten top-down imposed lects).

to this along with the other theoretical issues,
present at study of transfer learning from high-
resource to low-resource lects). The case study is
the morphosyntactic tagging of Lemko?, a group
of small East Slavic territorial lects of the Tran-
scarpathian region (Section 3 characterises the
material of the study in more detail). The main
research question is to what degree fine-grained
linguistics-aware evaluation assists in the errata’
analysis.

1.1 Contribution

To answer the research question, the paper devises
aframework of fine-grained linguistics-aware eval-
uation, adapted to transfer learning between closely
related lects, described in section 4. Besides using
and modifying existing metrics, including string
similarity measures for lemmatisation and com-
plete predications number for dependency pars-
ing, the study implements robustness score, a
new measure that assesses the quality of perfor-
mance on the original dataset, the quality of per-
formance on the new dataset, and the quantitative
difference between them to evaluate the stability of
the model. Section 5 describes the application of
the pipeline to the dataset, while section 6 delves
into the prospects of further enhancements to the
methodology.

The other pivotal contribution is a new open-
access Lemko data set with gold morphosyntactic
tagging. This dataset enables further inquiries into
both the lect and the method. At the same time, it
provides additional information about the unique
culture of Lemko at the beginning of the twentieth
century that could be useful to the modern Lemko

?Lemko is a denotation preferred by native speakers com-
pared to Lemkian: https://uwr.edu.pl/en/lemkos-who-are-
they/ (date of access: February 11, 2026)

3The term error here denotes a disagreement between a
gold (manually checked by a human expert) tag and an auto-
matically assigned tag. A tag can be either a label (part-of-
speech, morphological category) or a sequence (lemma).


https://uwr.edu.pl/en/lemkos-who-are-they/
https://uwr.edu.pl/en/lemkos-who-are-they/

community.

2 Related Work

This section consists of three parts. It begins with
an overview of current methods of low-resource
lects processing. The following part provides an
outline of existing computational studies of Lemko.
The section ends with a discussion of existing fine-
grained evaluation techniques.

2.1 Processing Low-Resource Lects

The main challenge of processing low-resource
lects is the lack of training material. This is when
manual tagging takes too long to carry out (for ex-
ample, when financing places restrictions on a re-
search project), but models are still unable to gener-
alise well enough from the existing data (de Graaf
et al., 2022; Bloom Strom et al., 2023; Rao and
Gopinath, 2023). There are two ways to approach
this problem: transfer learning and rule-based pro-
cessing.

Rule-based processing has been present in low-
resource NLP for a long time, and it was the most
efficient before the emergence of the huge cor-
pora that allowed statistics-based approaches to
gain the edge. (Mills, 1998; Chrupa la, 2006; Plis-
son et al., 2008; Gesmundo and Samardzi¢, 2012;
Radziszewski, 2013). However, in low-resource
settings, the rule-based approach remains a strong
contender against statistical methods (Sharipov
and Sobirov, 2022; Lendvai et al., 2025). In lem-
matisation tasks it is possible to train the model
on the corpus of higher-resource lect to detect
classes of word inflection (which do not change
as significantly), and then to implement new rules
for a lower-resource setting, saving the pre-trained
model (de Graaf et al., 2022).

Transfer learning is a process of transferring
the in-domain knowledge of the model to tagging
the out-of-domain data (Bengoetxea et al., 2025,
p-210). The most frequent way of doing transfer
learning is to perform a task zero-shot (Tebbifakhr
et al., 2020), not implementing any kind of fine-
tuning for the target dataset (Kim et al., 2020, p.
72). Transfer learning may include normalisation
as a part of the pipeline (van der Goot et al., 2017).
This allows to reduce differences between anal-
ysed lect and the high-resource neighbour, sim-
plifying the tagging. Sometimes, small territorial
lect corpora adopt this ideology completely, eras-
ing the presentation of the features for the end user

as well (von Waldenfels et al., 2014). Currently,
one of the ways to perform transfer learning is to
utilise LLMs even for extremely low-resource lan-
guages (Faisal and Anastasopoulos, 2024; Liang
and Levow, 2025).

2.2 Lemko in Computational Linguistics

Lemko (as most of the small territorial lects) is
poorly represented in terms of computational stud-
ies. Existing works, including corpora (Rabus and
Symon, 2015), generally do not treat it as a full-
fledged system, but as a part of greater continua
(Scherrer and Rabus, 2017; Rabus, 2018; Scher-
rer and Rabus, 2019). This is a continuation of
an earlier trend in linguistics in general: the pre-
ferred way of studying small territorial lects for a
long time was top-down. The scholars tended to
consider them primarily as subdivisions of a larger
group or a standard lect, studying mostly those fea-
tures that differ them from an umbrella language
(Kuparinen et al., 2023). This was a differentiating
approach (Kriuchkova, 2007, p. 31).

The trend in theoretical linguistics changed in
the second half of the twentieth century. Tech-
nological advances drastically increased the vol-
ume of the recorded material; and the material
on small territorial lects ceased to be fragmentary.
It became possible to study these lects integrally
(Kriuchkova, 2007, pp. 31-32) as full-fledged
systems of their own (Goldin, 1990; Goldin and
Kryuchkova, 2011; Hromko, 2020). This enabled
bottom-up studies of the dialect continua (Kalnyn’,
1973, 1992). However, Lemko has not yet been
incorporated into this type of computational lin-
guistics study. This is a research gap this article
aims to close.

2.3 Fine-Grained Evaluation

The evaluation of morphosyntactic tagging con-
ventionally incorporated simple metrics, such
as the accuracy score for lemmatisation (Straka
and Strakovd, 2017; Bergmanis and Goldwater,
2018; Anastasyev, 2020; Kanerva et al., 2021;
Torre Alonso, 2022). Rare exceptions include the
evaluation of part-of-speech tagger performance
on out-of-vocabulary items (Scherrer and Rabus,
2017, pp. 86-87), implementing string similarity
measures to assess the lemmatisers’ performance
(Afanasev and Lyashevskaya, 2024), and scoring
the correct dependencies of the predicate (Plank
etal., 2015, p. 316). Overall, the evaluation focus
is not on how good of a model a tool is, but on how



well the results of its use align with gold labels.
Combining qualitative and quantitative evaluation
is also relatively limited (Avramidis et al., 2018,
pp. 245-246) to more theoretical works (Chung
and Chou, 2025).

3 Data

The section starts with a short linguistic overview
of Lemko, followed by a description of the most
characteristic features of the dataset itself. As the
lect is low-resource and relatively poorly known,
and the dataset is newly compiled, both require
additional introduction.

3.1 Lemko

Lemko group of small territorial lects is in
the eastern part of the greater Slavic contin-
uum, with its closest relatives being Bojko, East
Carpathian, and Upper San groups (Del Gaudio,
2017, p. 78). The historical development of
Slavic lects in the Carpathian region is relatively
poorly understood, and their current close group-
ing is geography-based rather than linguistics-
based (Sevel’ov, 1979, p. 37).

The main distribution area of Lemko for a long
time has been the bordering region between south-
ern Poland, northern Slovakia, and south-western
Ukraine. However, during the Soviet era, many
Lemkos became victims of deportation (alongside
other oppressive practices) (Magocsi, 2015, pp.
336-338). The current spread of this lect does
not cover its historical territory of distribution.
During the twentieth century, when researchers
collected the material, the Lemkos attested that
their lects and their closest relatives were spoken
in the villages and towns from the westernmost
border of Ukraine (river Tisa) and to the Poland-
Slovakia border (river Poprad in the region of SpiS)
(Nakone¢na and Rudnyc’kyj, 1940, p. 31). Fig-
ure 1 shows the map, reconstructed from the data
provided in the interview. This reconstruction is
far from being full: the interviewee clearly lived
at the north of Slovakia, thus he had only a vague
understanding of Lemko dispersal to the south-
west. Most probably, the north-eastern part with
the settlements mentioned by the interview was the
territory of Lemkos, while the land to the south-
west belonged to the speakers of closely related
lects (Zilyns’kyj, 1933).

Linguistically, several key features separate
Lemko from neighbouring small territorial lects.

Figure 1: Map of the Transcarpathian (yellow) distribu-
tion in the beginning of the twentieth century. The blue
line at the top shows the modern borders of Poland (to
the north) with Slovakia (at the centre) and Ukraine (to
the west), the blue line at the middle shows the modern
Slovakia-Ukraine border, the blue line below shows the
border that separates Hungary (to the south) from Slo-
vakia and Ukraine. The orange dots point to the Lemko
settlements, mentioned in the interviews of speakers.

These features are present at the levels of phonet-
ics, morphology, lexis, and syntax.

As this study explores the effects of linguistic
differences on transfer learning, among the fea-
tures in focus are those that diverge the most from
modern standard Ukrainian, because the models
trained on this lect are going to be the main subject
of evaluation. Thus, it is necessary to predict the
possible errata to improve the interpretation of the
evaluation. Nakone¢na and Rudnyc’kyj (1940, pp.
23-30), Sevel’ov (1979, p. 37) and Del Gaudio
(2017, pp. 76-85) provide a more detailed and
general overview.

3.1.1 Phonetics

Due to the form of representation (see below in
paragraph 3.2.2) the phonetic differences are rel-
atively non-essential, and most features that are
going to influence the model are in the domain of
morphosyntax and lexis. However, traces of pho-
netic changes that separated Lemko from the other
Slavic lects might still impact the behaviour of the
taggers.

The most significant feature in the dataset is a
rather specific pronunciation of the verb ’to speak’.
The form here is 2edpumu instead of expected 20-
sopume (Kopp et al., 2023)*. This is an areal,
and, seemingly, almost exclusively East Slavic
Transcarpathian® trait: Slovak has hovorit’ (Ze-

*From here and onwards, for getting Ukrainian data the
study relies on UD_Ukrainian-ParlaMint corpus (Kopp et al.,
2023).

>Compare, for instance, other corpora (Rabus and Symon,


https://github.com/UniversalDependencies/UD_Ukrainian-ParlaMint/tree/dev
http://www.russinisch.de/VarchoLatin2/login.php

man, 2017)°, and Polish has a completely different
lexical unit, méwi¢ (Wréblewska, 2018)7. While
seemingly not crucial, this peculiarity may signif-
icantly influence morphological tagging (if there
are no character/subtoken-based embeddings, it is
going to be an OOV item and the model is go-
ing to tag it unpredictably) and lemmatisation (if
morphological tagging is incorrect, the model of
lemma generation is very likely to be incorrect as
well).

Another issue is the differences in infinitive end-
ings. Nakone¢na and Rudnyc’kyj (1940) provide a
rather inconsistent account of -mu/-mi alternations.
However, the speaker uses exclusively -mi, which
is different from the standard Ukrainian -mu. This
is going to affect the accuracy score, but should not
crucially damage the quality of predictions.

3.1.2 Morphology

Among the many morphological peculiarities of
Lemko, the dataset in question mostly contains
unique (as compared to the other Slavic lects) nom-
inal inflection features. They span across nouns,
adjectives, and pronouns alike. Among these, the
following are the most frequent in the dataset.

e The feminine instrumental singular end-
ing is -om (for instance, xémpom ’which-
FEM.INS.SG’3), and not -oro, present in
modern standard Ukrainian (see #e3zazne-
aicroro "independent-FEM.INS.SG”).

* The instrumental plural ending is -ua. The
example here is wniima ’they-INS.PL’. This
form is also present in declension systems of
other Slavic languages, cf. Belarusian dgyma
"two-INS.PL’ (Shishkina and Lyashevskaya,
2021)°. However, only in Lemko it is consis-
tent and not alternating with other endings.

* Determinative pronouns have long partially
reduplicated forms, for instance, momo ’DET-
N.NOM.SG’. Modern standard Ukrainian
lacks this feature.

2015)

®From here and onwards, for getting the Slovak data the
study relies on UD_Slovak-SNK corpus.

"From here and onwards, for the Polish data the study
relies on UD_Polish-PDB corpus.

8Glosses given according to Comrie et al. (2008)

°From here and onwards, for getting the Belarusian data
the study relies on UD_Belarusian-HSE corpus.

3.1.3 Lexis

Most lexical peculiarities within the dataset that
differ it from modern standard Ukrainian are bor-
rowings. They come mainly from neighbouring
Slavic languages and mostly include functional
words: eéavo *many’ < Slovak vela and 6dp3 <
Polish bardzo (Nakone¢na and Rudnyc’kyj, 1940,
p- 30). However, there are also borrowings
from other languages, for instance, Hungarian: xi-
panvgpisn *prince-GEN.SG’ (< Hungarian kirdlyfi
’id.” (Nakonec¢na and Rudnyc’kyj, 1940, p. 30)).

3.1.4 Syntax

The key feature of the Lemko syntax is the cop-
ular structures (Fontaiski and Chomiak, 2000, p.
141). Here, the example would be ane To ect énHa
6ecina. ’but this. SHORT-N.NOM.SG AUX one-
FEM.NOM.SG language-NOM.SG’. This struc-
ture is present in the neighbouring Polish language:
To jest mdj debiut ’this.-N.NOM.SG AUX my-
MASC.NOM.SG debut-NOM.SG’. Modern stan-
dard Ukrainian lacks this kind of copular struc-
tures; therefore, at all stages of morphosyntactic
tagging such sentences may present issues to the
pre-trained model.

3.2 Dataset

This subsection describes the fragment (Baglioni
and Rigobianco, 2024, pp. 1-9) of Lemko that con-
stitutes the dataset. It discusses its source, some
basic quantitative characteristics, along with the
form of representation.

3.2.1 Source

The original dataset is LA1407 (Nakone¢na and
Rudnyc’kyj, 1940, pp. 31-35), a set of three texts,
recorded in the late 1930s from a single Lemko
speaker who grew in the village of Kamienka
(Lemko Kawmionxa; now a part of the PreSov Re-
gion in the north of Slovakia) and transcribed as
a part of more general Transcarpathian lects sur-
vey. The data presents three layers: detailed pho-
netic transcription, standard-like transcription, and
German translation. The unit of data is a predica-
tion (some sentences are rather long, which led to
them being cut into chunks). Overall, the dataset
estimates to 609 tokens. Of these 609 tokens,
5.58% are adverbs, 7.88% are adjectives, 11.99%
are verbs, 15.93% are punctuation marks, 22.66%
are proper and common names, and 35.96% are
function words.


https://github.com/UniversalDependencies/UD_Slovak-SNK/tree/dev
https://github.com/UniversalDependencies/UD_Polish-PDB/blob/dev/pl_pdb-ud-dev.conllu
https://github.com/UniversalDependencies/UD_Belarusian-HSE/tree/dev

3.2.2 Digital Representation

The dataset is represented digitally as a .conllu-
file. It contains texts in all three forms of their rep-
resentation: phonetic transcription, German text,
and standard-like transcription. It also brings three
key modifications.

Phonetic transcription uses the IPA rendering
of the original system instead of copying the lat-
ter. The metadata now provide the English transla-
tion alongside the German. For better dependency
parsing, the study merges predication units into
clauses, where possible. These changes facilitate a
better understanding of the material by both schol-
ars and tools.

4 Method

This section starts with an experiment workflow
outline. The subsequent part describes the model
used for dataset tagging. The section ends with a
discussion of the fine-grained evaluation metrics.

4.1 Experiment Workflow

The study represents three consecutive stages of
tagging the dataset (Afanasev, 2026): part-of-
speech and morphological tagging, lemmatisation,
and dependency parsing. Between each stage, the
research uses a human-in-the-loop (Jiang et al.,
2024; Umphrey et al., 2024; Verma et al., 2025) ap-
proach. After conducting each stage of tagging and
before each stage of evaluation, a human scholar
checks the result of the tagging stage to create a
gold version of the data. This approach facili-
tates the evaluation and, crucially, a more efficient
tagging during the next stage (Anastasyev, 2020;
Milintsevich and Sirts, 2021).

The part-of-speech and morphological tagging
study is based on two experiments. The first
involves tagging a pre-tokenized LA1407 corpus
with Stanza, the model that undergoes the evalua-
tion through all of the tasks (see subsection 4.2),
with the primary aim of obtaining labels for the
dataset. The second experiment compares differ-
ent models on different materials and is designed
to evaluate the newly introduced metrics (see sub-
section 4.3). For lemmatisation and dependency
parsing, the study conducts two further experi-
ments: the first uses manually corrected tagging
from the preceding stages, and the second starts
from raw text.

4.2 Model

The key utilised model is Stanza (Qi et al., 2020)
pre-trained on the Ukrainian language (in terms
of standard lects, probably the closest relative of
Lemko (gevel’ov, 1979, p. 37)). It is computa-
tionally effective, running even on relatively slow
CPUs, and achieving over 90% accuracy on its test
dataset. As the study focuses on evaluation and
analysis, it is the only model implemented for all
tasks. While Generative Al models could have
provided better results, their zero-shot use is not
always as effective; and research risks becoming
irreproducible after a very short time (de Wynter,
2025).

As the study introduces a new metric, itis crucial
to implement data and method cross-evaluation
techniques (Afanasev, 2024). The model used
for comparison is stanzatagger'®, a modification
of Stanza that employs character-based embed-
dings and is better adapted to lower-resource set-
tings (Scherrer, 2021). The training data are,
as with Stanza, UD_Ukrainian-IU"'. The train-
ing configuration follows the guideline from the
project repository. The material used to assess
the efficiency of the trained model includes the
test subset of UD_Ukrainian-1U, the test subset of
UD_Ukrainian-ParlaMint (Kopp et al., 2023), and
LA1407. This setup ensures diversity of material
and enables a more robust evaluation of both the
model in comparison with Stanza and the newly
introduced metric.

4.3 Metrics

The study implements three types of metrics. The
first group facilitates a more effective comparison
between the model performance on the source lect
(standard Ukrainian) and the target lect (Lemko).
The purpose of the second type is to provide a
more linguistically-aware picture that enables the
assessment of transfer learning. The third type
implements fine-grained measurements, used for
specific subcategories within the data.

4.3.1 Standard Metrics

To evaluate part-of-speech and morphological tag-
ging, the study uses macro-F1 score, a traditional
metric in the field (Scherrer and Rabus, 2019;
Qi et al., 2020). It also implements exact match

'0The code is available at the GitHub repository.
""The corpus is available at the Universal Dependencies
repository.
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Figure 2: Geometric value of robustness between an
ideal (top) and a result (bottom) vectors.

(overall accuracy score of part-of-speech and mor-
phological tagging). For assessing the lemmati-
sation quality, the traditional metrics is the ac-
curacy score. To estimate the efficiency of de-
pendency parsing, the study uses Unlabelled At-
tachment Score (UAS; how many elements have a
correct head, i. e., the element from which they de-
pend syntactically) and Labelled Attachment Score
(LAS; how many elements have a correct head and
a correct dependency type).

4.3.2 Quality of Transfer

The key metric to interpret the quality of transfer
learning is robustness. The robustness in its core
is a cosine similarity measure between the vectors
of ideal transfer and result. For both vectors, the
starting point is (0; in-domain accuracy score).
In case of Ukrainian-trained Stanza in the task of
part-of-speech tagging it is (0; 97.52). The end
point of an ideal vector is (END; in-domain ac-
curacy score). END here is a researcher-chosen
number that is higher than 0. This study uses 25'2.
The end point of the result vector is (END; out-
of-domain accuracy score). If the out-of-domain
accuracy score is higher or equal to the in-domain
accuracy score, the value of robustness is positive,
otherwise it is negative. The study uses robustness
instead of simple comparison, because it gives bet-
ter scores to the models that support stable and
high level of performance in both in-domain and
out-of-domain datasets. Figure 2 represents the
robustness graphically.

When performing transfer learning, it is crucial
to recognise not only how accurate the model is, but
also how well it grasps the concept of what it has to
do, and how dramatic its fall in quality on out-of-
domain data is. The metrics for this task are string
similarity measures: Levenshtein distance (Leven-
shtein, 1966) and Jaro-Winkler distance (Winkler,
1990). These metrics are very helpful in analysing
lemmatisation of non-standard lects (Afanasev and
Lyashevskaya, 2024), providing a clearer picture in
case of non-standard inflection in the dataset.

"2Experiments showed that if END is significantly smaller
than 25, the metric loses sensitivity, if the fall in accuracy is

too big, while if the END is significantly higher than 25, the
metric loses sensitivity, if the fall in accuracy is rather small

For evaluating dependency parsing, the study
adds three metrics: tree edit distance, Unlabelled
and Labelled Complete Predications (TED, UCP
and LCP). TED is a number of edits required to get
a gold tree from a predicted one. UCP is a share
of correctly detected dependencies of the verbal
predicate. LCP is its stricter version that scores a
share of correctly detected relations of the verbal
predicate. This study slightly modifies the metric
by Plank et al. (2015, p. 316). Unlike the original
one, it fines the model for the generated dependen-
cies that are not part of the gold dataset.

4.3.3 Fine-Grained Metrics

To get a more detailed view of the results, it is
possible to evaluate the performance of the model
by groups of labels. In case of part-of-speech and
morphological tagging, these are parts of speech.
Dependency parsing may use relationship labels.
As Stanza uses a sequence-to-sequence model for
lemmatisation, the word inflection classes are un-
available; the study opts for using parts of speech.

5 Results and Discussion

The section begins with a cross-evaluation of the
robustness score. It provides an initial overview
of the results and addresses the issues that arise
during part-of-speech and morphological tagging,
drawing on fine-grained metrics. The following
subsection discusses the advantages of using string
similarity measures as evaluation metrics for lem-
matisation. Finally, based on the dependency pars-
ing results, the study delves into linguistic aspects
of transfer learning.

5.1 Cross-Evaluation of Robustness Score

Before analysing the performance of Stanza, it is
crucial to place the robustness score in context.
Table 1 presents the values of this metric for dif-
ferent datasets and compares them with a simple
difference measure, defined as the subtraction of
the model performance on the new dataset from
its performance on the test subset of the training
dataset.

Robustness score does not produce substantially
different results from the simple subtraction mea-
sure. Both metrics highlight the key contrast be-
tween the two models: while stanzatagger not only
maintains but slightly improves its tagging qual-
ity from UD_Ukrainian-1U to the test subset of
Kopp et al. (2023), performance on LA1407 re-
mains comparably poor (stanzatagger lags slightly



Dataset Exact | Robustness | Difference Robustness | Difference
(model) PoS | match | (PoS) (PoS) (Exact (Exact
match) match)
UD_Ukrainian-IU 9752 | 92.07 B 3 3 B
(Stanza)
UD_Ukrainian-ParlaMint | ¢4 10 | o5 59 -0.95 -8.14 -0.95 -8.48
(Stanza)
LA1407 (Stanza) 66.78 | 55.99 -0.63 -30.74 -0.56 -36.08
UD_Ukrainian-1U 05.54 | 76.58 B B B B
(stanzatagger)
UD_Ukrainian-ParlaMint | ¢ o¢ | 76 59 1 0.52 1 0.01
(stanzatagger)
LA1407 (stanzatagger) | 62.89 | 40.56 -0.61 -33.17 -0.57 -36.02

Table 1: The results of tagging the test subsets of UD_Ukrainian-1U, Kopp et al. (2023) and LA1407. All the
metrics, except for robustness and difference performance of the model on standard Ukrainian and Lemko, are in
per cent values. Rounding is to the second digit after zero. Best values are in bold.

behind in PoS, whereas Stanza marginally under-
performs in exact match). The main difference
is that the robustness score smooths smaller dis-
crepancies between the models, providing a clearer
comparative picture than the simple difference.

5.2 Stanza Results

The overall results of the Stanza performance are
rather poor. Taggers lose significantly in their ac-
curacy, when compared to the initial dataset. Table
2 shows the results.

Lemmatisation and UAS demonstrate the best
robustness scores, while exact match demonstrates
the lowest one. Lemmatisation witnesses a rela-
tively small fall; while the performance of UAS
is surprisingly stable, given the initial low score
of the system. Overall, robustness shows the dif-
ference between the easier tasks in the pipeline
(lemmatisation with gold tags and head marking)
and the more complicated ones (producing an exact
match of part-of-speech and morphological tags),
highlighting the spots for further enhancements.
The simple difference metric between model per-
formance on standard Ukrainian and on Lemko
captures the overall drop in accuracy scores but
misses important nuances: for instance, it fails to
show how well the lemmatiser and part-of-speech
tagger perform on the test dataset.

5.3 Fine-Grained Evaluation of
Morphological Tagging

The robustness of morphological tagging placed
it among the hardest tasks to transfer. To further

discover the issue, the study performs a by-part-
of-speech evaluation. Figure 3 shows the results.

Accuracy score comparison (part-of-speech and morphological tagging, Stanza)

mmm Correct

161 Incorrect

14 4

124
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2t 8?2595 3230E %z
5 % g z 8 =

Figure 3: A by-part-of-speech evaluation of exact match
results. Y-axis shows the share of part-of-speech in the
dataset, the blue part of bars — the share of correctly
tagged items of this part-of-speech, the orange part —
the share of incorrectly tagged items of this part-of-
speech. All the values are in %, rounded to the second
digit.

As the figure demonstrates, the model strug-
gles heavily with what in theoretical linguistics is
sometimes called Satellite Cluster B(Reid, 2011,
pp. 1107-1108) — verb and its adjacents. The re-
sults are especially problematic for the verb itself,
adverbs, and auxiliaries. Here, the main issue is
syntactical: the presence of copular sentences con-
fuses the model. This leads to incorrect tagging of
the auxiliaries. In addition, a lot of function words,
and especially adverbs, like 6ap3 ’very’ are loan-
words from other Slavic languages. They get an X
tag from the model, which may be true for modern



Metric Standard Ukrainian | Lemko | Robustness | Difference

PoS macro-F1 97.52 66.78 -0.63 -30.74

Feats macro-F1 93.11 71.00 -0.74 -22.11

Exact match 92.07 55.99 -0.56 -36.08

Lemmatisation acc.uracy score 96.72 757 0.77 1.00
(gold tagging)

UAS (gold tagging) 85.87 67.65 -0.77 -18.22

LAS (gold tagging) 82.77 52.71 -0.6 -30.06

Table 2: The results of tagging LA 1407 with Stanza (Qi et al., 2020). All the metrics (except for robustness and
difference between performance of the model on standard Ukrainian and Lemko) are in per cent values. Rounding
is to the second digit after zero. Best values are in bold, matched best values are in ifalics.

standard Ukrainian, but most certainly is incorrect
for Lemko. Verbs are the most enigmatic case, as
most errors in their tagging come from Aspect and
Tense. The model often confuses the imperfective
verbs with the perfective ones, as the imperfec-
tives often took on iterative sense, cf. noawooam
’love. IPFV-PRES.3PL.

5.4 Lemmatisation

Lemmatisation was a comparatively easier task
where Stanza demonstrated robustness. To de-
termine the principal contribution, it is crucial to
perform a more in-detail view. Figure 3 shows the
results.

Gold tagging seems to boost the accuracy score,
but efficiency of tagging almost does not increase
for string similarity measures, especially for Jaro-
Winkler distance. This shows that the model gen-
erally grasps the concept of lemmatisation rather
well. Still, the decrease in accuracy score is signif-
icant and requires a more thorough investigation,
demonstrated in Figure 4.

Once again, the most complicated task for the
model is to process verbs; the accuracy score is
close to zero. On the contrary, string similar-
ity measures show very good results (Levenshtein
distance of 1.15 means the average error of 1.15
symbols, and Jaro-Winkler distance is 0.92). The
inspection of the results shows that the most fre-
quent (and almost the only) error is the wrong
ending, -mu instead of -mi. This shows the value
of fine-tuning or class-based lemmatisation: with
a good rule system, this would not be an issue.
However, the lemmatiser of Stanza is a sequence-
to-sequence model, unable to precisely transfer its
understanding of lemmatisation to new material.

One equally difficult but less problematic case
is the auxiliaries (accuracy score of 15.79%, aver-
age Levenshtein distance of 2.88 and average Jaro-

Accuracy scare comparison (lemmatisation, Stanza, gold tagging)
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Figure 4: A by-part-of-speech evaluation of lemmatisa-
tion results. Y-axis shows the share of part-of-speech in
the dataset, the blue part of bars — the share of correctly
lemmatised items of this part-of-speech, the orange part
— the share of incorrectly lemmatised items of this part-
of-speech. All the values are in %, rounded to the
second digit.

Winkler distance of 0.56). The issue at stake here is
very similar to the part-of-speech and morphologi-
cal tagging. The model just does not know what to
do with these items, completely alien to the orig-
inal dataset. They get a very random tagging that
has nothing to do with their lemmatisation.

5.5 Dependency Parsing

The evaluation of dependency parsing indicates
similar issues as the other types of tagging. Table
4 shows the results.

TED of 9 seems to indicate a significant issue,
however, this is mostly due to the presence of large
sentences that span 60 tokens. More problematic is
the contrast between assignment scores (UAS and
LAS) and complete predications (UCP and LCP).
The model, once again, fails to correctly identify



Metric Gold tagging | Silver tagging
Accuracy score 75.7 70.11
Levenshtein distance 1.44 1.6
Jaro-Winkler distance 0.87 0.87

Table 3: Lemmatisation evaluation results, rounded to the second digit.

Metric | Result
UAS 67.65
LAS 52.71
TED 9
ucCp 47.18
LCP 35.57

Table 4: Dependency parsing evaluation results,
rounded to the second digit. UAS, LAS, UCP and LCP
values are percentages, TED value is an absolute value.

some Satellite Clusters B, dragging down its per-
formance. This highlights the necessity of intro-
ducing copular structures (probably, by introduc-
ing the neighbouring languages material (Scherrer
and Rabus, 2019)) into the dataset for further tag-

ging.

5.6 Discussion

All metrics identify a single issue at the core of
all the Stanza downfalls: clause structure, specifi-
cally, copular sentences, strongly characteristic of
Lemko, and quite frequent in Carpathian linguis-
tic area in general but very rarely represented in
modern standard Ukrainian. The model is unable
to identify the relations between tokens and, there-
fore, perceives the tokens themselves wrongly at
the morphological level.

Lemmatisation suffers the least, because it is rel-
atively syntax-independent, especially with lects
being relatively close in terms of vocabulary. In
addition, it probably is the biggest beneficiary of
human-in-the-loop: correctly assigned morphol-
ogy tags aid the lemmatisation the most. For in-
stance, nima 'PRON.3PL.INS’ without gold tag-
ging gets “Kima as lemma, instead of intended
6i ’PRON.MASC.3SG.NOM’. Gold morphologi-
cal tagging resolves the issue.

Still, the predications are clearly the weakest
point (as very low values of UCP and LCP show),
even with gold morphological tagging and lem-
mata. The key issue here is the poor identification
of the lexical verb, the attractor of Satellite Cluster
B. Further study needs to address the issue.

6 Conclusion

The study demonstrates that more fine-grained
evaluation techniques are better at providing a con-
cise summary of the errata that models make. This
includes explaining anomalies; for instance, string
similarity measures highlight the overall high qual-
ity of lemmatisation despite a low accuracy score.
The metrics also help to identify key features that
separate a target lect from a source lect, and thus to
prepare better post-processing or fine-tuning tech-
niques, fostering a more robust transfer learning.

The paper contributes to the study and repre-
sentation of low-resource small territorial lects by
making an open-access dataset of Lemko from the
beginning of the twentieth century. This dataset
contains more than 600 tokens with UPOS, UFeats,
lemmata, and dependency parsing tags, and it is
possible to use it for further experiments with other
models.

Future research directions include both enrich-
ing the material and developing the metrics. There
is a clear need to extend the data to other Lemko
material and other Transcarpathian lects that pos-
sess their own unique features. For a more trans-
parent demonstration of the robust evaluation ad-
vantages, it is utmost to include more models
to the comparison, including region-specific ones
(Scherrer and Rabus, 2019). The crucial step
would be to develop a computationally effective
language-aware model (Chung and Chou, 2025).

Limitations

LA1407 (Nakone¢na and Rudnyc’kyj, 1940, 31—
37), the main material of the research, does not
represent Lemko (and Transcarpathian lects in gen-
eral) of the 1920s-1930s in its entirety; a lot of ma-
terial is in the process of digitisation. In addition,
LA1407 represents only one speaker of Lemko,
which can affect the distributions.

Ethical Considerations

The data had been published in printed form and
available for research purposes for fifty to ninety



years by the time this article was written. Still, I
anonymise the metatagging, where possible, mask-
ing the names of the speakers, to compensate for
possible ethics violations that could have happened
at the time of material collection.

The data themselves can contain slight mentions
of xenophobic behaviour and religious (mostly,
Christian) imagery. Discretion is advised.

Disclosure of Generative AI use

This study does not use Generative Al (in the mod-
ern colloquial meaning: the decoder models with
more than a billion parameters trained on high-
resource corpora; Stanza (Qi et al., 2020) is also
a generative Al, but it performs on a much lesser
scale, locally run and reproducible) in the research
process. During the process of editing the authors
utilised Generative Al (Grammarly) to polish the
phrasing of the parts of the work where the au-
thors felt that their non-native knowledge of En-
glish was not sufficient to produce grammatically
and/or stylistically correct sentences. However, the
written text is not a product of Al generation.
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