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Abstract

In this thesis, the task of lemmatization for Early Slavic languages, such as Old Church
Slavonic (OCS) and Old East Slavic (OES), is addressed as a problem of end-to-end ro-
bustness, conditioned on limited supervision, rich morphology, and significant variability in
orthography and editorial practices. Unlike the standard languages used today, Early Slavic
texts are typically limited, heterogeneous, and affected by representational errors in digitiza-
tion, such as inconsistent use of diacritics and font-encoded text, including Unicode Private
Use Area (PUA) code points. These factors undermine token consistency, inflate the size
of the lexicon, and increase Out-of-Vocabulary (OOV) rates, which negatively affect both
wordlist-based and neural character-based approaches and can be difficult to diagnose. The
primary objective is to develop a reproducible text-processing pipeline that ensures text con-
sistency and improves lemmatization accuracy, especially under conditions typical of Early
Slavic texts, with particular emphasis on the ability to generalize to novel and orthographi-
cally diverse texts.

The thesis introduces a newly annotated OCS dataset, which serves as a challenging
benchmark for adaptation and robustness testing beyond existing standard resources. The
results on this dataset also provide empirical support for the corpus-construction, normal-
ization, and annotation strategies developed in the thesis, showing that newly curated and
carefully standardized material is essential for robust lemmatization of orthographically di-
verse Early Slavic texts.

The work also introduces an encoding-aware standardization layer that detects non-standard
Unicode usage and, in a deterministic way, normalizes PUA-dependent characters to stable
Unicode equivalents. Standardization is treated as part of the modeling backbone, as it re-
duces out-of-vocabulary word counts, improves the robustness of frequency statistics used
in lexical baselines, and allows cross-comparisons across mixed data. On top of this repre-
sentation, the study introduces a clear, dictionary-based baseline that automatically infers a
type-to-lemma mapping from the training data and treats out-of-vocabulary words in a con-
servative way. This baseline serves as a reference and diagnostic tool to identify failures
caused by limited coverage and ambiguity, while the main comparative evaluation also in-
cludes established Universal Dependencies (UD) systems such as Stanza and UDPipe 2.

The key contribution of this study is the introduction of OLpSLAvVICLEMMA, a neural
lemmatizer for low-resource historical languages that does not rely on a dictionary. Instead,

the model treats lemmatization as a character-level sequence transduction problem, condi-



tioned on a fixed local context window surrounding the word to be lemmatized. The model
consists of a stacked Bidirectional Long Short-Term Memory (BiLSTM) encoder and a Long
Short-Term Memory (LSTM) decoder with attention. For lemmatization, the model leverages
Cross-Layer Multi-Head Attention (CLMA) to integrate low-level orthography and higher-
level abstraction in context. Furthermore, it leverages Encoder-Decoder Cross-Attention
(EDCA) to generate lemmas that are context-aware and to resolve ambiguity.

Evaluation is conducted with gold tokenization and the official splits of the correspond-
ing UD treebanks, in order to isolate lemmatization from tokenization and sentence segmen-
tation. In addition, a supplementary raw-text-to-CoNLL-U evaluation is conducted on the
Early Slavic UD v2.12 and v2.15 treebanks, where the Stanza tokenizer is used and OLD-
SravicLEmMA is applied to its tokenized output. Four experimental settings are considered:
(1) in-family evaluation on Early Slavic UD treebanks across different UD versions, (ii) eval-
uation across language families on the SIGTYP 2024 dataset in the constrained regime, (iii)
multilingual evaluation on a curated subset of UD treebanks to assess transfer beyond Slavic
languages, and (iv) evaluation on the newly annotated OCS benchmark to assess robustness,
adaptation, and generalization beyond existing standard resources.

In the in-family evaluation of Early Slavic languages, OLpSLavicLEmMMmA outperforms
strong baseline systems, including UDPipe 2 and the Stanza lemmatizer in its hybrid config-
uration, with the largest improvements observed in out-of-vocabulary-rich and orthographi-
cally complex settings. In addition, the results show that the improvements arise mainly from
better handling of out-of-vocabulary words rather than from simple memorization of frequent
word-lemma mappings. Ablation experiments also show that encoder-decoder attention and
optimization are crucial for robust performance in low-resource settings.

In conclusion, the experiments support the claim that reliable historical lemmatization
requires simultaneous control of representation stability and character-level contextualization,
with OOV handling and ambiguity as the primary historical failure modes that should be
factored into the evaluation.
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Chapter 1
Introduction

This chapter outlines the motivation, challenges, and objectives of the thesis, focusing on
lemmatization for Early Slavic languages in historical NLP settings. The chapter begins by
motivating the study of Early Slavic languages and their relevance in historical NLP. Then,
it introduces the lemmatization problem and briefly reviews the main approaches applied to

Early Slavic texts. Finally, it presents the objectives of the thesis and its main contributions.

1.1 Motivation for Studying Early Slavic Languages

Early Slavic languages such as OCS and OES have a rich linguistic and cultural role in the
history of Slavic communities. It served as the earliest writing medium for Slavic and became
the foundation of religion and cultural tradition in the 9th century with its historical signif-
icance [60]. As the earliest attested Slavic literary language, it played a major role in the
Christianization of Eastern Europe, a legacy associated with the missionary work of Saints
Cyril and Methodius [42]. It preserves important evidence for Indo-European morphology
and textual transmission, attracting both historians and computational researchers, which is
now accessible via major digitization and treebanking efforts [40, 32]. Beyond their philo-
logical value, these corpora are increasingly relevant to computational work on diachrony,
typology, and manuscript variation, supporting a growing line of research in historical Natu-
ral Language Processing (NLP) [28, 81, 30].

By combining diverse collections and enhancing them with temporal and regional meta-
data, recent resource-building initiatives have increased the accessibility of Church Slavic
materials. To facilitate comparative analysis across Church Slavonic variants and periods,
DIACU, for instance, combines several sources into a geographically and diachronically an-
notated dataset [18]. These initiatives demonstrate both the advancement of digitization and a
significant practical constraint: robust computational processing at scale is still challenging,
even in cases where texts are available.

The major challenges lie in linguistic, representational, and resource aspects. Church
Slavic languages have a rich morphology with syncretisms, stem changes, and irregularities.

In addition, orthographic variation is considerable, with a single lemma represented in vari-
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ous surface forms, spelling variation being ubiquitous, and the use of diacritics and editorial
practices varying. As a consequence of the lack of orthographic standardization in historical
languages like Church Slavic, the availability of annotated training data is limited, and tex-
tual variation remains high. This makes it hard to apply techniques developed for modern
standardized languages and provides a strong case for models with strong sequence inductive
bias and attention mechanisms.

Another issue that arises is the representation of text. There are many early Slavic sources
that are encoded heterogeneously, meaning that the encoding of the texts can vary. This can
include the use of different fonts and the use of Unicode Private Use Area (PUA) code points.
Although these encoding practices can ensure that certain distinctions are made, they can cre-
ate issues when interoperability is needed. This can lead to the splitting of identical symbols
when their encodings differ, artificially expanding the vocabulary. DIACU [18] highlights
problems related to the use of Unicode PUA code points in ensuring interoperability across
digital sources. This, therefore, creates the need for the normalization of the texts [67]. In
this thesis, the representation and normalization of the texts are considered to be an integral
part of the historical NLP process.

Within this context, lemmatization is a fundamental task that maps a word form to its base
form, or lemma. It helps to resolve the problem of sparsity, enables more reliable matching
and generalization across inflectional variants, links the lexicon, and allows for search and
concordance with a degree of accuracy. Lemmatization is widely used as a normalization
step that improves the downstream NLP tasks such as translation [35, 52, 85], information

retrieval [49, 11, 105], historical text preprocessing [76, 61], and sentiment analysis [9, 1].

1.2 Lemmatization in Early Slavic Languages

Previous lemmatization systems were largely based on rule-based approaches that relied on
the availability of large lexica and expert knowledge about derivational and inflectional pat-
terns [82]. While these systems perform well in resource-rich environments, their perfor-
mance typically suffers in low-resource settings. Furthermore, such approaches are expen-
sive to develop when resources or expertise are limited. Approaches to lemmatization have
also focused on the contextual nature of the task, using feature-rich statistical models to iden-
tify appropriate edits [22]. Recent approaches have explored the joint modeling of lemmas
and morpho-syntactic tags to leverage their mutual constraints and improve overall accuracy
[23, 66]. These approaches suggest that contextual and morpho-syntactic information plays a
crucial role in lemmatization. However, they still suffer from sparsity and domain mismatch
in historical texts.

With the advent of neural Sequence-to-Sequence (Seq2Seq) models [91], lemmatization
was increasingly viewed as a character-level transduction problem, consistent with trends
in neural machine translation and sequence modeling [21, 10]. Seq2Seq models have been

successful in a variety of NLP tasks, such as abstractive summarization [84], syntactic pars-
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ing [25], and morphological reinflection [26, 25]. In lemmatization, authors of [83] were
among the early studies to use Seq2Seq models, and Lematus [13] demonstrated that context-
aware character-level models outperform rule-based and feature-based approaches. Yet, low-
resource and historical settings remain challenging due to orthographic variation and data
sparsity.

An influential hybrid approach commonly used in UD pipelines is the Stanford system
from the CoNLL 2018 shared task [78], later released as the Stanza toolkit [79], which builds a
dictionary based on a character-level Seq2Seq model in backoff mode, in addition to a lexicon
lookup. This approach is successful across a wide range of UD treebanks but is limited by the
availability of a good lexicon and performs poorly in the presence of frequent misspellings.
Prior work specific to OCS includes a hybrid lemmatizer [3], while string-similarity measures
have also been explored for evaluating OCS lemmatization [4]. On the opposite end of the
spectrum, dictionary-based approaches directly induce a word-lemma lexicon from annotated
data and rely on lookup without grammatical rules [68]. Such approaches perform well in
cases of good lexicon availability but cannot exploit contextual information to disambiguate
words and perform poorly on unseen spellings and inflectional forms.

Another major challenge is evaluation. NLP has been greatly facilitated by the availabil-
ity of standardized benchmarks such as GLUE [100], SuperGLUE [99], and XGLUE [57]
for modern languages. However, the situation is considerably more complex for ancient lan-
guages. For OCS (chu) and OES (orv), complex morphology and writing systems require
specific evaluation conditions. At the same time, the available material is limited to a few
UD treebanks [27] and digital editions, which limits the use of large pretrained models. In a
cross-variant retrieval task between chu and orv languages, [56] showed that classical string
matching can outperform word embeddings on short texts. Another problem concerns the
behavior of tokenizers when applied to ancient languages. The retrieval task, however, is not

the main focus of the present thesis.

1.3 Thesis Objectives

This thesis treats Early Slavic lemmatization as an end-to-end robustness problem. The main
idea is that achieving robust modeling requires (i) an encoding-aware standardization compo-
nent to minimize representational heterogeneity and (ii) lemmatization models that generalize
well under domain shift.

A further motivation for this thesis is the lack of newly curated, evaluation-oriented lemma-
tization resources for OCS beyond the standard benchmark treebanks. While existing re-
sources are highly valuable, they do not fully capture the orthographic diversity, encoding
instability, and source heterogeneity found in newly collected material from portals and schol-
arly editions. For this reason, the thesis also aims to study how additional annotated OCS ma-
terial can support evaluation of robustness, adaptation, and out-of-vocabulary generalization

under realistic historical conditions.
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The thesis pursues the following objectives:

1. To design and evaluate an encoding-aware standardization procedure for Early Slavic
texts that detects PUA code points, maps them to stable Unicode forms where appro-

priate, and ensures consistent token identity.

2. To implement a reproducible lemmatization pipeline with transparent lexical baselines
and strong comparative systems, enabling systematic comparison between dictionary-
based memorization, hybrid UD lemmatization systems, and dictionary-free lemmati-

zation.

3. To develop and evaluate OLbSLAVICLEMMA, a dictionary-free character-level encoder—
decoder lemmatizer with local contextual conditioning, stacked BiLSTM encoding,
CLMA, and EDCA.

4. To assess whether character-level contextual lemmatization improves generalization
to OOV forms, orthographically variable forms, ambiguous surface forms, and cross-
domain Early Slavic material compared with dictionary-based baselines, Stanza, and
UDPipe 2.

5. To construct, validate, and evaluate a newly annotated OCS lemmatization benchmark
in order to evaluate robustness, in-domain adaptation, and generalization beyond exist-

ing standard resources.

Although lemmatization supports downstream tasks such as search, concordance, and
corpus exploration, the main focus of this thesis is token-level lemma prediction and its ro-

bustness under historical variation.

1.4 Thesis Contributions

This thesis addresses the challenges of the robust lemmatization methods for Early Slavic
texts under conditions of sparse supervision, orthographic variation, and encoding instability.
Existing dictionary-based and hybrid UD systems perform well when lexical coverage is high,
but they are less effective when the test data contain many unseen forms or representation-
level inconsistencies. The thesis contributes methods and resources designed to make these
failure modes explicit and to reduce their effect.

The main contributions are as follows:

1. A representation-aware standardization workflow for Early Slavic texts. The workflow
detects PUA usage and other non-standard character practices and maps them to stable
Unicode representations. This reduces artificial vocabulary fragmentation, improves
token consistency, and supports fair comparison across dictionary-based and neural

lemmatization systems.
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2. Areproducible lemmatization pipeline with transparent lexical baselines. The dictionary-
based baseline provides an interpretable reference point for measuring the effects of
lexical coverage, ambiguity, and out-of-vocabulary forms. This makes it possible to

distinguish memorization-based performance from genuine generalization.

3. OLbpSravicLEMMA, a dictionary-free character-level encoder—decoder lemmatizer for
Early Slavic languages. The model uses local contextual windows, stacked bidirec-
tional LSTMs, cross-layer multi-head attention, and encoder—decoder cross-attention

to generate lemmas from character-level and contextual evidence.

4. A broad empirical evaluation against strong comparative systems, including Stanza and
UDPipe 2, on Early Slavic UD treebanks, SIGTYP 2024 historical data, and multilin-
gual UD data. The evaluation includes overall performance, OOV analysis, ambiguity

analysis, and ablation experiments.

5. Ttintroduces an annotated OCS benchmark dataset for lemmatization and demonstrates

its value as a challenging evaluation resource beyond the existing OCS resources.

1.5 Overview of the Thesis

The remainder of this thesis is organized as follows.

Chapter 2 presents the historical and methodological foundations of the study. It reviews
the main digital resources available for Early Slavic languages, discusses the encoding-related
challenges that arise in historical text processing, and situates the task within the broader
context of historical and low-resource NLP, with particular attention to lemmatization and
domain adaptation.

Chapter 3 describes the data pipeline developed in this thesis. It covers corpus acquisi-
tion, unified representation, cleaning, tokenization, and encoding standardization, showing
how heterogeneous digital sources are harmonized and converted into interoperable formats
suitable for downstream NLP.

Chapter 4 introduces the gold resources developed for Early Slavic lemmatization. It
defines the annotation scope, explains the representation formats used for interoperability,
presents the annotation guidelines and semi-automatic workflow, and reports dataset statistics
together with validation procedures.

Chapter 5 presents the proposed neural lemmatizer, OLpSLAviIcLEMMA. It formulates
lemmatization as a character-level sequence transduction task and describes the model archi-
tecture, training objective, optimization strategy, and reproducibility considerations.

Chapter 6 reviews the comparative systems and baselines used throughout the thesis.
These include the dictionary-based baseline, UDPipe 2, Stanza, and the shared-task systems
considered in the SIGTYP 2024 comparison.

Chapter 7 defines the experimental protocol. It describes the datasets and splits, spec-

ifies the evaluation metrics, and introduces the robustness-oriented analyses used to assess
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performance under conditions of lexical sparsity, ambiguity, and domain shift.

Chapter 8 reports the experimental results and provides their analysis. It presents findings
on Early Slavic treebanks, multilingual and historical benchmarks, newly annotated OCS
material, ablation studies, and error categories such as out-of-vocabulary and ambiguous
forms.

Chapter 9 concludes the thesis by summarizing the main contributions, discussing the

principal limitations of the study, and outlining directions for future research.
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Chapter 2

Historical NLP and Foundations

This chapter provides the historical and methodological background for the thesis. It first dis-
cusses the main digital resources for Early Slavic languages, including treebanks, editions,
and digital collections, and points out the interoperability problems that arise from heteroge-
neous sources. The chapter discusses problems related to the encoding of historical Slavic
languages, in particular, the use of PUA characters and script variation.

Early Slavic lemmatization is positioned in the wider framework of NLP involving histor-
ical and resource-constrained scenarios, where data scarcity, orthographic diversity, and tool
deficiencies have significant implications on the accuracy. The chapter provides an overview
of the most important approaches to lemmatization, including rule-based, statistical, hybrid,
and Seq2Seq neural models. The importance of character-based modeling is highlighted
in the case of highly inflected languages, which have undergone considerable orthographic
changes. In addition, the chapter covers Pre-trained Language Models (PLMs), attention,
and adaptation mechanisms for historical text processing. Robust outcomes can be achieved
by taking into account all three factors simultaneously—representation, normalization, and

modeling.

2.1 Early Slavic in Digital Form

The textual traditions of early Slavic languages, including OCS and OES, have been transmit-
ted in manuscript form over the course of centuries. Today, these texts are made accessible in
digital form. From the perspective of NLP, it is useful to identify two categories of resources:
(1) digitized resources and scholarly editions that preserve the original layout and formatting
used in the publication process, and (ii) linguistic resources that have been annotated in a
format useful for training and testing models.

An important step in the history of computational processing of early Indo-European
Bible translations is the PROIEL project, which supplies aligned and syntactically annotated
texts and serves as a standard resource for OCS in the UD project [40]. Simultaneously,
resources for OES were created in the form of the Tromsg Old Russian and OCS Treebank

(TOROT), which extends the coverage to include diachronic texts and facilitates comparison
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across genres and publication traditions [32]. These resources have made early Slavic lan-
guages part of multilingual benchmarks and shared-task settings. At the same time, these
resources also highlight the constraints that were imposed on historical NLP, including lim-
ited supervisory signals in comparison to contemporary languages, widespread orthographic
variation, and the importance of digitization and publication processes in determining the
learnability of a model.

Resource development has also expanded beyond the simple single-treebank configura-
tion to incorporate aggregation over variants, centuries, and sources. An exemplary case
of this aggregation process is the DIACU resource, which aggregates multiple corpora of
Church Slavonic texts into a diachronically and geographically annotated resouce, aiming
at supporting comparative studies over time periods and regional redactions [18]. Although
such aggregation increases the scope of the resources, making them more useful for a wider
range of linguistic studies, it also increases the problem of interoperability, as the diversity of
the source materials increases the diversity of encoding, typography, and editorial practices.
Thus, current historical NLP approaches treat representation choices as part of the scientific
object, rather than a secondary concern.

Evaluations conducted on ancient and historical languages’ systems increasingly exhibit
a systematic approach. The need for standardized configurations and similar protocols for
ancient language corpora is on the rise, accelerating the creation of systems specifically de-
signed for the task. This trend is reflected in the demand for the SIGTYP 2024 shared task
[28]. Evaluation results show that performance is influenced not only by linguistic general-

ization but also by representation and normalization processes, which vary substantially.

2.2 Encoding Challenges

Unlike modern web typography, early Slavic digital resources often preserve their typo-
graphic and editorial differences, which may not always be supported by standard Unicode.
As a result, the resources may use a mixture of standard Cyrillic characters, combining dia-
critics with inconsistent composition, mixed-script substitution, and characters from the PUA,
whose interpretation may depend on the fonts used or local conventions [8, 50, 15]. In prac-
tice, two characters may look identical but, in reality, have different code points, thereby
violating a basic NLP assumption that “the same symbol” corresponds to “the same token.”

This heterogeneity does not simply manifest as an engineering problem but also directly
affects NLP pipelines. Tokenization, dictionary lookups, and even character transduction are
sensitive to code point identity. When a character has a representation both in standard Uni-
code and in the PUA, frequency statistics are split, vocabulary size increases artificially, and
OOV rates increase unnecessarily even though the linguistic content has not actually changed.
These effects are particularly problematic for low-resource languages, where every additional
variant of representation makes the problem worse by reducing the amount of available su-

pervision data. In the corpus aggregation effort for Church Slavonic, DIACU highlights the
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use of PUA and the issue of visualization as a problem for practical use, emphasizing the
need for a systematic approach to character mapping and normalization as a necessary step
for reusing data between portals and editions [18]. Similar issues are raised in the discussion
of Church Slavonic typography and standardization, including the use of fonts, ad hoc histor-
ical encoding schemes, and the mismatch between rendering and Unicode code point identity
[8, 50].

This interaction between representation and modeling is particularly clear in the process
of lemmatization, where dictionary-based methods might fail silently if the variation occurs
only at the level of the encoding, and where neural models of characters might learn incorrect
relationships based on the use of different font sets rather than reflecting true morphological
relationships. Evaluation can also be misled if the test data and the system output have differ-
ent normalization or code point strategies, leading to a preference for encoding compatibility
over actual linguistic ability. These issues underpin the use of encoding-aware methods as a
necessary step for any kind of reproducible historical NLP and provide the rationale for the

standardization layer introduced later in this thesis [8, 15].

2.3 NLP for Historical and Low-Resource Languages

Historical NLP sits at the intersection of low-resource learning and domain adaptation. In
comparison to contemporary standardized languages, historical corpora are small, noisy, and
heterogeneous. They have long-tailed distributions of rare words, sparse annotation, and great
variation due to temporal, geographic, genre, and editorial factors. This increases sparsity and
makes generalization over unseen words the main source of errors in a variety of tasks.

One practical consequence is that successful methodologies in high-resource environ-
ments often require adaptation or the addition of inductive biases to ensure stability. The
SIGTYP 2024 benchmark set is a good example that reflects the opportunities and limitations
of using contemporary architectures in historical data environments [28], while pretrained
multilingual transformers have a chance to perform competitively in unconstrained environ-
ments, their relative strength may diminish in resource-constrained environments, and issues
with instability may occur. Research discussed in SIGTYP and related studies emphasize that
successful historical NLP pipelines often combine multiple components, including careful
preprocessing, parameter-efficient adaptation, and architectures that balance representation
and inductive biases [30, 81, 41].

For Early Slavic languages, the aforementioned pressures are compounded by the insta-
bility of orthography and the diversity of encoding. Therefore, a robust processing strategy
should treat representation, normalization, and modeling as a cohesive problem, rather than
as individual stages of a pipeline. This thesis follows this approach, viewing encoding stan-
dardization as supporting infrastructure, lemmatization as the primary modeling objective,
and evaluating the proposed approaches under simulated conditions of domain shift and high

OOV frequency.
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2.3.1 Low-Resource NLP as a Context for Historical Lemmatization

The Early Slavic lemmatization task addressed in this thesis can be situated within the broader
methodological literature on low-resource NLP. Low-resource settings are typically charac-
terized by limited annotated data, weak tool support, and high costs for preprocessing, nor-
malization, and annotation [73]. These conditions are directly relevant to historical language
processing. Although Early Slavic texts raise additional philological and editorial issues,
they share core practical constraints with other low-resource NLP scenarios, especially data
scarcity, orthographic variation, limited interoperability, and the need for careful resource
preparation.

A recurring observation in low-resource NLP is that model improvements alone cannot
compensate for the absence of reliable linguistic resources and interoperable preprocessing
pipelines [73]. This has been shown across several tasks and languages, including part-of-
speech tagging for Khasi and Mizo [102, 70, 65], dependency parsing for Xibe [106], question
answering for Swabhili [101], hate speech detection for Brazilian Portuguese [95, 96], and ma-
chine translation for low-resource languages [45, 47]. These studies show that the availability
of texts alone is not sufficient: the texts must also be computationally usable, consistently en-
coded, and supported by appropriate annotation or preprocessing tools.

Annotation cost is another point of contact between low-resource NLP and historical NLP.
Developing task-specific resources for low-resource languages often requires close collabora-
tion with domain experts and careful validation [73]. This is visible in corpus and annotation
work for Khasi POS tagging [102, 65], Mizo POS tagging [70], Swahili question answering
[101], and hate speech resources for Brazilian Portuguese [95]. In historical language pro-
cessing, this requirement is even stronger because annotation decisions may depend not only
on grammar and vocabulary, but also on editorial conventions, spelling variation, manuscript
traditions, and source-specific practices. The resource development strategy adopted in this
thesis therefore combines existing resources, harmonization, semi-automatic annotation, and
expert correction, as described in Chapter 4.

At the modeling level, low-resource NLP includes a range of approaches, from rule-
based and lexical methods to statistical, neural, and transformer-based systems [73]. Exist-
ing work includes CRF-based models [70], BILSTM and CRF-BiLSTM systems [102, 12],
transformer-based transfer methods [65, 74], and task-specific neural approaches for machine
translation [47, 45]. For historical lemmatization, lexical and rule-based systems remain use-
ful because they are interpretable and make coverage errors explicit. However, character-level
neural methods are especially relevant when the goal is to generalize to unseen forms, spelling
variants, and morphologically complex word forms. This thesis follows this rationale by us-
ing a dictionary-based baseline as an interpretable reference point and a character-level neural
model for dictionary-free generalization.

Historical lemmatization also differs from many contemporary low-resource NLP tasks
because scarcity is intertwined with textual transmission. In modern low-resource settings,

the main problem is often the limited amount of annotated data. In historical settings, scarcity
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is also shaped by diachronic variation, redactional diversity, scribal variation, edition-specific
conventions, and unstable encoding practices. This makes Early Slavic lemmatization not
only a low-resource learning problem, but also a problem of representation and philological
consistency.

However, it is also beneficial to distinguish lemmatization from stemming, especially be-
cause the latter is often considered a member of the former’s broader family under the label
of “text normalization.” Stemming generally uses rules based on the removal of affixes for
the normalization of texts and does not necessarily ensure the resulting word is a member of
the lexicon. Lemmatization, on the other hand, aims at retrieving a dictionary form (lemma)
using a variety of tools and information sources, especially lexical ones and often accompa-
nied by the use of other morpho-syntactic information such as POS tags [103, 46]. In texts
with a complex morphology or a complex history, the consequences of these processes can
be significant, the former may cause the conflation of forms with different meanings or uses,
while the latter may not perform well with a variety of spellings or a limited presence in the

lexicon.

2.4 Lemmatization: Rule-Based, Statistical, and Neural Ap-

proaches

The process of lemmatization has been a research interest in NLP for the last few decades
[39]. Most computational models have traditionally relied on rule-based approaches that
used morphological grammars and lexicons to perform lemmatization [33, 68]. While these
models have demonstrated high accuracy in controlled environments with adequate resources
and standardization, their effectiveness is often dependent on the availability of resources
and tends to degrade in the presence of orthographic variation, frequent irregularities in in-
flectional paradigms, or inadequate documentation—common characteristics associated with
historical texts such as OCS.

Statistical and machine learning techniques have also offered more flexible approaches
with the introduction of data-driven transformations instead of grammars. Finite state trans-
ducers and probabilistic systems aided the learning of lemmatization patterns from the data
rather than rules [31, 38]. However, a large number of these systems were still language-
specific and suffered from sparsity.

A popular technique in the context of machine learning-based lemmatization is edit tree
classification, in which word-to-lemma transformations are identified as edit rules, and a clas-
sifier is used to choose the appropriate rule at test time [88, 19]. These models generalize to
new words as long as the relevant edit pattern is represented in the training data. These models
can also leverage contextual information to disambiguate, such as through the use of global
sentence information [66] or contextualized representations. In settings with substantial or-
thographic variation and limited training data, the edit rule representations can be limited,

and OOV error rates are the dominant performance factor.
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Neural architectures have redefined lemmatization as a character-level sequence trans-
duction. With the advent of Seq2Seq models [91], lemmatization has been able to fit into a
larger class of transduction models. This class of models has also included neural machine
translation [21, 10], summarization [84], syntactic generation/parsing [25], and morpholog-
ical reinflection [26, 25]. Initial models have been able to demonstrate the effectiveness of
applying the seq2seq model to monotone string transformation settings [83]. This has been
particularly relevant to lemmatization. Furthermore, the addition of contextual information
has been able to provide substantial improvements, especially when morphology is complex
and ambiguity is common [13].

A very influential model has been the hybrid model proposed for the CoNLL-2018 task
[78] and has been released as the open-source library Stanza [79]. This model has been able to
combine a dictionary-based model and a neural character-level seq2seq model. This has been
able to provide a robust and widely adopted baseline. On the other hand, a purely dictionary-
based model has been able to provide competitive results for out-of-context spellings [68].
For example, a model has been able to induce a word-lemma lexicon on annotated data and
perform lookups. This model has been able to operate without the use of grammatical rules.
This model has been able to provide a very interpretable and useful model for philological
research. However, the model has been limited in terms of coverage and has not been able to
make use of contextual information to disambiguate homographs and out-of-lexicon words.

Finally, Seq2Seq modeling in neural networks is related to morphological reinflection,
which can be considered the inverse of lemmatization. In fact, tasks such as CoNLL- SIG-
MORPHON 2017 have fostered models that predict form-to-form relationships given mor-
phosyntactic features [25]. Several competitive systems have employed neural transducers
to carry out the task [98, 14], and even joint or multitask training with related tasks, such as

tagging, lemmatization, and reinflection, has been explored to boost robustness [71].

2.5 Pretrained Language Models and Domain Adaptation

for Historical Text

The development of PLMs has changed the broader NLP landscape by shifting from sparse
lexical representations toward dense and contextual representations. Standardized bench-
marks such as GLUE [100], SuperGLUE [99], and XGLUE [57] have helped establish com-
mon evaluation protocols for modern languages. For ancient and historical languages, how-
ever, comparable benchmarks remain more limited, and recent shared tasks such as SIG-
TYP 2024 have emphasized the importance of evaluation protocols that account for limited
data, heterogeneous resources, and preprocessing effects [27, 28].

The traditional pipeline in modern NLP involves sparse representations such as one-hot
or bag-of-words representations coupled with linear or probabilistic sequence models. One
major shift in the field was the introduction of distributional representations in the form of

word embeddings. These representations map words to dense vector representations based

22



on large-scale corpora. Word2Vec and GloVe have been prominent in this approach, allow-
ing neural models to process words in a meaningful manner rather than relying on sparse
representations [34, 75]. However, these representations have limitations in that each word
is associated with a fixed vector regardless of the context in which it is used. Furthermore,

OOV words are not represented in any meaningful manner.

2.5.1 From sparse lexical representations to Contextual embeddings

Neural models of NLP require numerical representations for input data. One basic approach
to numerical representations is one-hot encoding for this method, each word in the vocabulary
is represented using a binary vector of length |V| with one active position corresponding to
that word type. One-hot encoding is simple, and deterministic representations are also very
sparse and cannot capture any similarity in meaning between words. Semantically similar
words are not closer in one-hot space than dissimilar words. One-hot representations also
lack any means to capture any distributional properties or meaning.

A major breakthrough in NLP came with the introduction of distributional word em-
beddings,” in which each word type is associated with a dense vector representation in a
lower-dimensional space that is learned from the statistics present in the corpus. Unlike one-
hot encoding, in which words are represented using symbolic representations that are distinct
from one another, embedding representations place words that have similar usage patterns,
tend to place close to one another in vector space, capturing important syntactic and semantic
patterns [34, 75]. This marked a shift in the foundation on which current nlp pipelines were
built before the widespread adoption of PLMs.

One of the most influential static word embedding techniques is word2vec. This method
uses shallow neural networks to learn word representations based on local context [62, 63].
The two main architectures of word2vec are Continuous Bag of Words (CBOW) and Skip-
gram. In the former, the model predicts a word based on the surrounding context, whereas
in the latter, it predicts the surrounding context words based on a target word. As a result
of the prediction-based optimization, word2vec often captures relational information in the
word vector space.

Another approach to word representation is the use of the complementary method known
as GloVe [75], which uses global word-word co-occurrence statistics to create word vectors.
While word2vec can be viewed as a model for local context prediction, the GloVe approach
can be viewed as a direct factorization of the information contained in the co-occurrence
matrix, with the goal of capturing local as well as global distributional information. In fact,
both sets of approaches have been shown to produce effective word representations for use in
a variety of downstream NLP tasks.

FastText is highly relevant in morphologically rich and low-resource settings, as it rep-
resents words based on character n-grams, rather than using each word as a unit [16]. This
is highly beneficial in that it improves robustness to rare words and OOV words, as the rep-

resentation of a word can be formed using the observed subword units, even if the full word
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was never observed during the training process. This is particularly useful in settings that
exhibit a lot of variation in words, such as in historical texts, where many words may appear
infrequently but have similar stems or suffixes.

Despite these advantages, word2vec, GloVe, and fastText, in their standard settings, are
static word representation models, where a word type is represented by a dedicated vector
irrespective of the sentential context in which the word appears. This is often a highly lim-
iting assumption, as words are often context-dependent and polysemous. For example, the
word bank, used in a financial context and a riverine context, is represented by the same lex-
ical vector in static word representation models. This is a major limitation of static word
representation models, which is of particular interest to historical NLP and lemmatization.

Static embeddings face the OOV problem, meaning that if a word was not seen during the
training process, no dedicated vector representation will be learned for that word. Sub-word
embeddings [16] attempt to mitigate the OOV problem. A notable method that achieves this is
fastText, which uses n-gram representations of the word’s characters. This approach ensures
that any word, even if not seen during the training process, can still benefit from a vector
representation. Meanwhile, the development of sub-word level tokenization techniques such
as Byte-Pair Encoding (BPE), WordPiece, and SentencePiece has enabled the implementation
of open-vocabulary modeling for historical languages, given the fact that many infrequent or
OOQV surface forms exist for many familiar lemmas [85, 53, 86].

Contextual embedding models have been developed to tackle the major drawback of static
embedding models. These models have the ability to produce contextual representations that
are conditioned on the surrounding sentence context. However, subword modeling also fails
to tackle this problem on its own. Transformer models have been identified as a powerful
architecture to contextualize representations using self-attention. This enables any position
in the sequence to attend to any other position in the sequence. This property enables the
modeling of any dependency without using recurrent architecture [97]. For practical imple-
mentation, Transformer contextualization involves stacked layers that combine multi-head
self-attention and position-wise feed-forward layers along with positional encoding to capture
sequence order [97]. This property of contextualization coupled with the high computational

parallelism has made Transformer the state-of-the-art architecture for PLMs.

2.5.2 Attention Mechanisms and Transformer Architecture

Attention mechanisms were first introduced in neural Seq2Seq models to allow the decoder
to dynamically access relevant parts of the encoded source sequence instead of relying on
a single fixed-size representation [10, 59]. This idea proved especially effective in machine
translation and later influenced a broad range of NLP tasks. Transformer models extend this
principle by replacing recurrence with architectures built around stacked self-attention and
feed-forward layers, allowing positions to model dependencies across the sequence directly
[97]. In self-attention, each token is mapped to query, key, and value vectors, and attention

weights are computed from query—key similarity, normalized with a softmax, and used to
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form a weighted sum of value vectors. Multi-head attention repeats this process in parallel
across several learned subspaces, which improves representational flexibility [97].

This concept has had a significant influence outside the realm of machine translation,
and it has been applied to many different NLP tasks, such as tagging, parsing, and sequence
labeling, due to the improvement that this approach offers to the model’s focus on the most
critical parts of the input at any particular prediction step [10, 59]. In the context of his-
torical and morphologically rich languages, this particular aspect of the input is significant,
as the information that is critical for a particular prediction can, at times, appear at multiple
locations.

A central innovation of the Transformer architecture is self-attention. In this case, a se-
quence attends to itself; unlike encoder-decoder attention, self-attention models relationships
among tokens within the same sequence. This generates contextual representations where
each token in the input sequence receives information from other tokens [97]. This concept
is particularly useful due to its ability to handle long-range relationships without relying on
recurrence.

The Transformer architecture, as proposed in [97], replaces recurrent and convolutional
sequence-modeling components with layers built around self-attention and position-wise feed-
forward networks. In the traditional encoder-decoder architecture of the Transformer, the
encoder stacks multi-head self-attention and position-wise feed-forward layers, while the de-
coder stacks masked self-attention, encoder-decoder attention, and feed-forward layers. This
design allows for a high degree of parallelization, which is a major factor behind the Trans-
former’s success in NLP.

At the core of Transformer attention is the mapping from a set of gueries to corresponding
keys and values. Given a query matrix Q, a key matrix K, and a value matrix V, scaled dot-

product attention is defined as:

Attention(Q, K, V) = softmax( ?/IdiT ) V, 2.1
k
where dj. is the dimensionality of the key vectors [97]. The dot products QK™ measure
compatibility between queries and keys, the softmax normalizes these scores into attention
weights, and the weighted sum over V produces the output representations. The scaling factor
1/+/dy stabilizes optimization by preventing the dot-product magnitudes from becoming too
large.

In practice, Transformers use multi-head attention, in which attention is computed in
parallel over multiple learned projection subspaces and the resulting head outputs are con-
catenated and linearly transformed [97]. This allows the model to capture different types of
relationships simultaneously (e.g., local agreement, long-distance dependencies, or structural
cues) rather than relying on a single attention map.

Because self-attention is permutation-invariant, positional information must be injected

explicitly. The original Transformer adds positional encodings to input embeddings so that
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the model can represent token order [97]. In the sinusoidal formulation:

pos
100002i/dm0del

pos

PE (pos, 2i) = sm( 100002i/dmodet

) , PE(pos,2i+1) = cos( ) , (22
where pos denotes the token position, i indexes the embedding dimension, and dpoqe] 1S the
model dimension [97]. These encodings provide a deterministic representation of absolute
position and also support learning of relative positional relationships.

In the current thesis, the main importance of attention and Transformers lies in the method-
ological, rather than architectural, role in supplying the underlying principles of modern con-
textual representations and sequence transduction models. While the final lemmatization
model may not necessarily be a Transformer, attention mechanisms will inevitably remain a
key player in disambiguation, leveraging local contexts and improving robustness to spelling

variations in historical texts.

2.5.3 PLM families and Adaptation strategies

PLMs based on the transformer architecture can be classified according to their architecture
and training objectives. For example, encoder-only model uses bidirectional contextual repre-
sentations, and their training objective is masked language modeling. Bidirectional Encoder
Representations from Transformers (BERT) is a landmark model that has proven that such
models can be transferred to a wide range of discriminative tasks after fine-tuning [29]. An-
other model, RoBERTa [58], shows that choices of optimizer and training data size can lead
to substantial improvements over the original BERT setup. For the multilingual setup, multi-
lingual BERT [77] and XLM-R [36] have proven that a wide range of languages can be used
to train a model, which is beneficial but poses a risk of a mismatch between the variety of
the training and test sets, especially if the variety of the test set is significantly different from
that of the training set.

Encoder-Decoder Transformer architectures consist of an encoder for contextualizing the
input sequence and a decoder for generating the output sequence in an autoregressive man-
ner with cross-attention for conditioning the generation process based on the encoder states
[97]. This setup is particularly suitable for Seq2Seq tasks like machine translation and other
conditional generation problems [10, 59, 91]. In morphological transduction tasks, including
lemmatization defined as character-level sequence generation, encoder-decoder architectures
have been found to capture productive transformations rather than simply relying on memo-
rization and lookup tables [83, 13, 48].

Decoder-only Transformers apply causal self-attention so that each position attends only
to previous positions, supporting autoregressive next-token prediction. This design underlies
Large Language Model (LLM), which are trained to model p(wy,...,w,) = [, p(wi | w<)
and are widely used for generation and instruction-following after additional alignment steps
[80, 17, 72, 2]. For historical varieties, their practical usefulness depends on whether script,

orthography, and domain are represented in pretraining, and whether tokenization yields sta-
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ble segmentation.

Despite the strong contextual representations that PLMs provide, the historical corpora
show systematic differences compared to the pretraining data. They are small, heterogeneous,
and the variation caused by factors such as chronology, region, genre, scribal practices, and
editorial practices creates significant domain shifts and long-tailed distributions for infrequent
phenomena. Therefore, transfer learning can work well, but it may become brittle under
sparse supervision [28, 81, 41]. In the case of Early Slavic, the representational heterogeneity
of sources makes the situation worse, as inconsistent use of diacritical marks and encoding
can introduce false effects of OOV rates, even when the linguistic form remains the same
[18].

A commonly used method to deal with domain shift is fine-tuning the pre-trained mod-
els on in-domain data. In a low-resource historical setting, fine-tuning might be unreliable
and prone to overfitting, which leads to the application of methods that emphasize inductive
bias and Parameter-Efficient Fine-Tuning (PEFT) [30, 81, 41]. PEFT reduces the cost of the
training process by fine-tuning a limited number of parameters. One of the commonly used
methods of PEFT is the application of adapter modules, which consist of the addition of a
number of layers to a pre-trained model, which is subsequently fine-tuned on the target data,
often improving the results while avoiding the problem of catastrophic forgetting [44]. For
example, a study by TartuNLP [30] applied the PEFT method using the adapter modules [44]
to the XLM-RoBERTa model [24] in a historical shared task setting. Other methods have
focused on the application of character-aware architectures that can better handle the com-
plexities of orthography and morphology, such as hierarchical transformer architectures [81].
Overall, the results of the experiments presented in the SIGTYP 2024 shared task [41, 28] in-
dicate that a hybrid approach, such as the application of a recurrent encoder with an attention
mechanism [6, 5], can be competitive in the field of low-resource historical NLP, similar to
the results obtained.

With regard to historical text processing, representation mismatches may be the main per-
formance factor. For example, generic tokenizers may split a word into many rare subwords
for historical spellings, and heterogeneous representations may cause two strings that look
the same at the surface level to be considered different. For Church Slavic variants, the re-
sults of cross-variant retrieval experiments suggest that classical string processing methods
may perform better than off-the-shelf multilingual embedding models on short texts where
the tokenizer and embedding representations are not well aligned with chu/orv orthography
[56]. Though not the main topic of the thesis, the above discussion serves to illustrate a
general methodological consideration with direct implications for lemmatization, without
representation-aware preprocessing and evaluation, the results may not generalize well at the
linguistic level but rather at the level of encoding compatibility and tokenizer behavior.

In lemmatization, domain shift and representation mismatch typically appear as an OOV-
heavy error profile and an unstable pattern of generalization to unseen spellings. The current

UD pipelines provide robust baseline performance through a hybrid approach combining a
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dictionary lookup with a neural backoff method [78, 79]. The edit rule approach maintains
competitive performance in UD settings [89, 90, 87]. In historical texts, in which signifi-
cant spelling variation and limited data availability are expected, character-level transduction
remains a successful inductive bias, especially in cases where contextual cues aid disambigua-
tion [13, 83]. Therefore, in the current thesis, lemmatization in Early Slavic texts is treated as
an end-to-end robustness problem, in which encoding-aware standardization helps to ensure
token consistency across disparate sources [18], while model performance is evaluated in a
way that incorporates OOV patterns and domain shift, in accordance with current approaches

to historical benchmarking [28].
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Chapter 3

Data Resources, Corpus construction,

and Encoding Standardization

In this chapter, the description of the data-preparation pipeline designed for Early Slavic
lemmatization is presented. This pipeline covers both text acquisition from treebanks and
scholarly editions and portal collections, as well as the process of normalization of these re-
sources, proving that while source collection is indispensable in order to improve the scope
and supervision, it simultaneously results in significant interoperability problems related to
diverse encoding systems and different editorial standards. One of the contributions discussed
in the chapter is an encoding-aware standardization layer that can detect PUA and other un-
conventional Unicode usage and convert it into proper Unicode representations. As a result,
it helps avoid unnecessary vocabulary expansion, stabilizes token identity, and supports re-
liable processing by different methods (both dictionary-based and neural). The chapter also
describes unified representation, cleaning, tokenization, and conversion into interoperable
formats suitable for subsequent processing and evaluation. These steps serve as the basis for

the subsequent research chapters.

3.1 Corpus, Resources, and Acquisition

One of the primary practical challenges faced in the development of the Early Slavic NLP
system is the lack of a single source that offers sufficient lemma-annotated material with
broad genre, redaction, and orthography coverage. This leads to the training data for the
lemmatization module being limited in quantity as well as scope, with individual sources or
treebanks covering small facets of the total linguistic spectrum. To increase the training data
for the lemmatization module, texts are aggregated from multiple online sources such as UD
treebanks, scholarly sources, and portal-based sources. This is done for two primary reasons.
First, it allows the model to use the greatest quantity of lemma supervision possible. Second,
it allows the model to use realistic variation, which is a necessity when assessing robustness
in historical contexts.

At the same time, the aggregation of sources is also the primary reason for the significant
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Figure 3.1: End-to-end workflow from acquisition to interoperable text suitable for down-
stream NLP.

interoperability challenges that are faced in this system. This is because the web and edition
pipelines often use non-standard encoding to maintain typographic distinctions, even when
two strings are visually indistinguishable. If not incorporated, this will cause issues with the
vocabulary, OOV tokens, and dictionary lookups, thus causing problems with the annotation
as well as the model. In this regard, the aggregation of the sources is complemented by the
standardization of the encoding, as well as the harmonization of the corpus, as discussed
(Sections 3.2-3.3).

Figure 3.1 shows the entire process of the corpus pipeline, including acquisition, harmo-
nization, cleaning, standardization of encoding, and conversion into an interoperable format
for further processing with various NLP techniques.

The training and testing of the lemmatization model relies on the annotation of the lemma
at the token level, which in turn limits the available resources for the task. Hence, the primary
source of OCS texts provided by PROIEL and the UD version of the same is exploited in the
experiments, as it provides tokenization, sentence segmentation, and linguistic annotation that
can be reproduced in the modeling process [40]. To conduct the robustness experiments in a
controlled setup, OES texts are also utilized when the tokenization and annotation conform
to the UD guidelines, allowing the investigation of domain adaptation from one historical
variety to another [32].

To utilize other types of resources that do not conform to the treebank style, portal-based
aggregated datasets that offer variation in time, space, redaction, and genre are also utilized
in the experiments. Aggregation of the datasets, such as DIACU, is also beneficial as it brings
together Church Slavonic texts along with other relevant texts, offering diachronic as well as
geographical metadata that can be exploited in the experiments [18].

Sources are added to the data stream via three channels of acquisition, each of which has
different integrity risks. Sources can be acquired as UD treebanks and added directly, retain-
ing document identifiers, sentence identifiers, and token identifiers to ensure that evaluation
downstream is aligned with annotation upstream [40, 32]. Sources can also be acquired as
scholarly editions, which may be represented in an Extensible Markup Language (XML)/Text
Encoding Initiative (TEI) format. TEI has advantages because it can retain structural infor-
mation and editor interventions, however, TEI conversion does not solve the problem of en-
coding because non-standard characters and font-dependent code points are not altered and
can cause problems downstream [92, 8, 50]. Finally, if portals do not offer a bulk download,

then a form of structured downloading or scraping is used. In these cases, the text may be
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legible on the portal but become non-interoperable after downloading if it uses PUA or other
font-dependent systems [8, 50].

Figure 3.2 shows the behavior of the portal side of things, demonstrating how the text
is displayed correctly in its controlled web environment despite its use of encoding methods

that do not necessarily promote interoperability.

3b BKHH: ALl MOAOEAETR YARK'M K Z'BEATH A HE AHFATI: MOCTOMb 2KE H BEZMABBRIEML: H TPOY ARl 0Tk
OYNOCTH 74 BAAMOVACTHIE CTheTAPKRRBILE CA: CTAPH: cToARNBHH: cRAH RAACKI: H PAZOV MOMh: BAAZH:
ChMBPENH: MOV AQH: KPOT'hUH: LBAOMFAAPKHHS HCTHHHH: HEMOPOYKHH: NPARBAHEH: EOMOYRCTHEH:
OrPREALRIJIE CA OTh EhCER Z'hAhl BEUIH: BECKRABNH: BhCEX™S EAAIb HCMATBNENH 3KE BFKHIA AELRE: OBH
HX"s NQRIWBABIWE CRTO ART K-

Figure 3.2: Portal-side rendering of Church Slavonic text in a controlled web environment
(Cyrillomethodiana).

In all sources, the inclusion is controlled by licensing/access restrictions, availability of
annotations, and representational stability. The resources with lemmas are given priority for
training and main evaluation, while the resources with partial or no annotations are used
for robustness evaluation and normalization validation. The resources with non-standard
encodings, font-dependent representations or mixed diacritics are included if problematic
code points can be reliably diagnosed and normalized according to documented procedures
[8, 50, 15]. If metadata is provided, the period and region labels are preserved for controlled

robust evaluation, taking into account diachronic and regional variation [18, 55].

3.2 Unified Representation, Cleaning, and Tokenization

All sources are then unified into a single representation that allows for consistent processing
across formats and provides traceability for their sources. The aim of this step is to avoid
information loss by instead making these differences explicit and traceable, while limiting
the potential impact of extraction artifacts on the data.

Each text item is represented with a minimal set of metadata, including a source identi-
fier, acquisition channel, language variant, and provenance information linking to repository
references or portal URLs. If sources are aggregated is maintained at a dataset level and for
a given period/region. If multiple titles exist, such as orthography, transliteration, and Latin,
then these are maintained, and a single canonical identifier is used.

All sources are unified into a common internal representation with an explicit internal
schema that includes levels such as Document with ID, provenance, and metadata, Segment,
or paragraph/line blocks if available; Sentence, if available or reliably inferable; and Token,
or surface form with optional lemma and morphosyntactic information. Sources already rep-
resented in UD format naturally map to this internal schema. Sources represented as TEI and
web formats are segmented by using markup and layout information. Sentence segmentation
is not performed on sources lacking strong evidence, such as editions of Church Slavonic text,

as sentence boundaries can be arbitrarily defined and inconsistent across editions. Paragraph
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or line blocks are maintained as a conservative representation since segmentation can have a
significant impact on text data processing, particularly for historical sources.

Cleaning of the data is, by necessity, a conservative operation, focusing on the removal of
extraction noise rather than the extraction of linguistic content itself. The text data obtained
from the web often includes spurious whitespace, duplicate line breaks, and other boiler-
plate elements that arise during extraction. The text data obtained from the TEI may also
include editorial markings that may be interpreted rather than blindly removed during clean-
ing. Therefore, the following three-step cleaning process is used, normalization of whitespace
without the removal of meaningful separators, removal of obviously non-linguistic extraction
noise, and retention of manuscript-relevant markings where plausible interaction with token
boundaries is possible. Excessive normalization of the orthography is also avoided, since
“non-standard” spellings often include diachronic or other relevant information. The UD
treebank structure is, by necessity, defined by tokenization itself. For the TEI and web data,
tokenization is performed after representational normalization, which avoids tokenization
fragmentation caused by code-point inconsistencies. For data known to be space-delimited,
whitespace-based tokenization is used as a fallback, with care taken over punctuation han-
dling.

Subsequent to acquisition, cleaning, and standardization of encoding, the texts are con-
verted into a form compatible with the UD format and the CoNLL-U format, retaining docu-
ment provenance, sent_id, and token indices. This is for both model training and evaluation,
as well as for the semi-automatic gold annotation process described in Chapter 4. The main
driving force is to make sure that annotation and evaluation take place over fixed tokenization

and compatible Unicode strings, rather than portal-specific encoding schemes.

3.3 Encoding Standardization

Historical Slavic texts have been collected via various heterogeneous digital channels, includ-
ing web portals, legacy word processor documents, XML/TEI, and NLP-oriented formats like
CoNLL-U. In many cases, the texts appear to render correctly but fail to achieve interoper-
ability. A key factor in this failure has been the overuse of font-dependent practices and non-
standard encoding schemes, especially Unicode PUA codes and mixed-script substitutions,
which have been introduced for visual rather than linguistic reasons [8, 50, 15].

From an NLP standpoint, this is not a negligible problem. Tokenization, lexicography,
and even character models assume that characters with the same visual representation have
the same underlying encoding. However, in this scenario, characters with the same visual
representation will have different underlying encodings (standard Unicode and PUA, respec-
tively), resulting in a fragmented distribution, inflated lexis, and increased OOV error, even
in the complete absence of actual linguistic variation. This has a number of negative con-
sequences for dictionary-based models and neural network performance, in which incorrect

relationships will be learned, depending on font conventions rather than actual valid morpho-
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logical structure.

A common failure mode for this scenario is for the text to correctly render within the por-
tal environment, owing to the font substitution, and then fail to render correctly in other tools,
owing to PUA dependencies. This has been demonstrated in Figure 3.2, in which the por-
tal environment correctly renders the text, including accurate shaping and diacritical marks.
However, in the extracted text, PUA-dependent characters will often be missing or incorrect,

resulting in poor readability and tokenization, as demonstrated in Figure 3.3.

3b 6EKEE: awe nono6alts ENeEKbI A ZbBaTt? a He aHMNbl: NOCTOMb Xe 2l 6eZzMNBbBLEMb:
Tpoyabl OTb OyHOCTR za 6narolbcTllE cbhecTapbBbLUe cA: cTapl: cronbnbH2: cbaf Bnachl:
pazoyMoMb: 6naz@: cbMbpeH: MoyapE: kpoTbuZ: ubnoMRApbHE: BACTEHHE: HenopolRbHE:
npaBbafBE: 60rolbeTEBE: orpbbatRLLe CA OTb BbCcer Zbnbl Bel: 6eckkabHE: BbChbXb 6narb

ElcnnbHeHE xe 6EbKER ntob6bee: 0BEIEXL NpbLUbAbLUE CBHTO NETH:

Figure 3.3: Text after extraction into standard tools, portal-dependent (PUA) characters de-
grade or disappear, fragmenting token identity.

Another issue arises in relation to this one in the process of format conversion. In other
words, even after conversion to TEI format, if any non-standard code points exist in the text,
they may be preserved in their original form during conversion to TEI format. As a result,
TEI documents may be partially unreadable or unsearchable within XML editors.

Standardization starts with the processing of text as an ordered sequence of code points.
In this respect, each character is checked for inclusion in the Unicode PUA, including the
BMP PUA (U+E000-U+F8FF), the Supplementary PUA-A (U+F0000-U+FFFFD), and the
Supplementary PUA-B (U+100000-U+10FFFD) [93, 8]. This diagnostic will track the num-
ber of distinct PUA code points, their counts, and their origins by source. At the same time,
character sets are computed for each source and each corpus snapshot to determine the sources
that provide the most representational noise, so that the most frequent PUA character sets can
be mapped first.

The formulation of the PUA normalization problem as a mapping problem under uncer-
tainty is motivated by the fact that the PUA code points have no inherent meaning. Instead,
the intended character identity of the PUA code points needs to be reconstructed using ev-
idence from the outside world. The mapping is informed by the recommendations for the
standardization of the Unicode for Church Slavonic, with special attention given to the Uni-
code Technical Note #41 and related standardization efforts [8, 15]. The correctness of the
mapping is checked against the Unicode charts and the documentation of the individual code
points [93, 94]. The mapping tables are considered specific to the given corpus snapshot,
taking into account the possibility that the portal encodings could change over time.

Representative examples of this mapping are shown in Table 3.1, which illustrates how
observed PUA glyphs and code points are linked to their intended Cyrillic characters and
standard Unicode equivalents.

Normalization is achieved by a deterministic transformation of an input string T into an
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Table 3.1: Some observed PUA glyphs and code points mapped to the intended Cyrillic char-
acter and standard Unicode code point.

PUA character PUA code point Normalized Unlcod.e code
character point
U+E205 u U+0438
U+E012 B U+0462
U+E20D 4 U+0427
U+E201 Ie U+0464
U+E342 - U+0487
U+E343 T U+0488
U+E20C H U+041D
U+EO018 B U+044A
U+E20E 10 U+042E
U+E213 e U+0464

3b Gxwuu: amie mogobareTh YWIBKbI H ZbBaTH a HE aHTITbl: TOCTOMb e U OEZMITbBbIEMb: U TPOYIbl
OTb OYHOCTHU Za OnaroubcTute chberaphpbiie ca: cTapu: ctonbnbHU: chIu Blachl: U paZoyMOMb:
Omazu: cemMbpeHH: MOyIpH: KpOTBHIM: IBIOMRIPHHUA: HCTUHHH: HEMOPOYBHU: MPABbIUBHU:
OoroubcTHBH: OrphOakLRIle CA OTh BbceH ZbiTbl BelU: OSCKRIbHU: BbCEXb Ollars HCTUTHHEHU Ke

Oxwura mo0bBe: 0BU UXb Npbirbabuie cbTo 1515

Figure 3.4: After normalization: standardized Unicode code points render consistently across
tested environments, preserving text integrity.

output string 7”, wherein replacement rules are applied if and only if a character is a member
of a PUA set. A dictionary-based replacement technique is used, wherein each key is a PUA
character and each value is its standardized equivalent Unicode character. Unmapped char-
acters are left unchanged but noted for possible review, thus enabling easy extension of the
mapping without data loss.

Let R = {(c;,c}) | ¢; € PUA, ¢ € Unicode} denote the remapping relation.

The converter applies:

P =T = Z R(c) ifc € PUA 3.1

T |c otherwise.

After normalization, standardized Unicode code points render consistently across tested
environments and stabilize token identity, as illustrated in Figure 3.4.

While the Unicode mapping is correct, the visual accuracy is still contingent upon the
support provided by the font and rendering engines. The typography for Church Slavonic
relies on specific glyphs and Open Type behavior to display diacritics, titla, and historical
script in a way that is consistent with traditional practice [8, 50]. The normalized output
is then validated with Unicode Church Slavonic fonts provided by the Slavonic Computing
Initiative, including Ponomar, in order to verify that the standardized code points preserve
the intended historical glyphs and diacritics, as illustrated in Figure 3.5 [7].

The quality of encoding-aware standardization can be evaluated intrinsically and extrinsi-
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3b EmKHH: AqJE MOAORAETh YARKDBl ” gZEATFH A HE AHTADBl: MOCTOML PKE H EE%MAZEI:WMI;Z H
'T'PO\['A'bI [\ b1 O\rHOC'T'H {A EAATOYA(CTHEE EZI?‘T'AF"‘;KZ[JJE CA: E'T'APH: ?TOA‘kI'II:HHZ C’kAH RAACDI: H
PA%O\{MOMI:Z EAAgﬂt ﬁZM’bPEHHI MO\{AFHZ KFO'I'ZU'HZ U'rl;AOMMAPLHHI HETHH ® HH: HEHOFO‘IZHHI
HFAKI:AHKHZ EOTMOMZACTHEH: OI‘FTI;EAWL‘JE tA OTZ RhIER gZA'bl EEL’JHI EECIKARARHH: m,:rkxz EAATZ

HEMAZHEHH ?KE€ EPRHMA AHWEZRE: ORH HXZ ﬂp’kLLIZAZUJE LA TO A"kTFZ‘

Figure 3.5: OCS text rendered with the Ponomar Unicode font for visual validation of histor-
ical glyphs and diacritics.

cally in terms of statistics over corpora. Intrinsic evaluations include coverage over mappings,
idempotence, and stabilization of character sets as indicated by reductions in unique PUA
code points and mixed script artifacts. Extrinsic evaluations involve reductions in represen-
tational OOV inflation and improvements in stability of lexical lookups. All acquisition and
preprocessing steps are versioned, with each corpus snapshot archived with mapping tables,
diagnostics logs, and statistics to facilitate traceability and reproducibility between versions.
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Chapter 4

Gold Resources for Early Slavic

Lemmatization

This chapter will discuss the gold resources developed and crafted for Early Slavic lemmati-
zation in this thesis. It will include details such as what is annotated and on which representa-
tion of the text, how the annotations are encoded to ensure interoperability with the two main
ecosystems for historical language processing (UD pipelines and TEI-based philology), and
what decision procedures are followed to ensure consistency of lemma labels across spelling
variants and other forms of ambiguity. The chapter will also discuss the proposed work-
flow for semi-automatic annotation, with a focus on how it is tailored for efficient use under
time and resource constraints, and finally, the statistics, splitting, and validation procedures

applied to guarantee repeatability and linguistic quality of the gold standard material.

4.1 Annotation Targets and Scope

The primary focus of annotation in this thesis is the lemma for each token, which is a canonical
form that all inflected forms map to, helping with indexing, concordance, and other morpho-
syntactic analyses. This is especially important for Early Slavic, as it has limited supervision,
changes in spelling, and spelling rules that increase data sparsity for models that focus on
token-level data.

The gold standard resources focus on the Early Slavic languages included in the experi-
mental workflow, with emphasis on OCS and OES as they appear in UD. Where applicable,
they have been supplemented by other digitized editions that have been introduced through-
out the construction and standardization of the data, as described in Chapter 3. In all cases,
priority is given to datasets that have stable identifiers and token-level segmentation, which is
important for lemmatization since there needs to be a traceable link between token boundaries
and lemma labels.

The tokens are defined after the acquisition, cleaning, and normalization of the encoding,
as discussed in Chapter 3. In the case of sources that are compatible with UD, the tokenization

is naturally in compliance with the UD tokenization conventions. In the case of sources
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that are not compatible with UD, whitespace tokenization is used, with punctuation tokens
represented when present and informative for the alignment. In the case of sources that have
little or no punctuation or use manuscript breathing marks, no additional tokenization is added
beyond that which is necessary for the subsequent use cases, with a clear mapping provided
from the original to the tokenized form.

The gold lemma annotation is anchored to the normalized form of the tokens. In other
words, the labeled token strings are the output of the PUA to Unicode normalization layer, as
discussed in Chapter 3. This ensures that the lemma annotation is not affected by encoding
issues but is focused on linguistic variation. At the same time, the policy does not discard
historically significant graphemic variation, such as redactional or editorial variation, unless it
is purely representational, such as a PUA character instead of its standard Unicode equivalent.

Although lemmatization is the focus of this thesis, the annotation scheme is designed to re-
main interoperable with gold resources that include morphosyntactic annotation. In UD tree-
banks, lemma annotations are linked to additional token-level information, including UPOS,
XPOS, FEATS, and dependency relations. This information supports ambiguity resolution
and the construction of baseline models. For non-UD formats, lemma annotations are main-
tained at the token level, while optional POS and morphological features are preserved when

available, allowing the corpus to be enriched or converted to other formats in future work.

4.2 Annotation Format and Interoperability (UD/TEI)

The gold resources in historical NLP should remain accessible across two environments, NLP
pipelines and tests, where UD-style tokenization is the norm, and philological workflows,
where TEI/XML is often used due to its ability to represent document structure, editorial
choices, and metadata. This thesis supports a single internal representation that can be seri-
alized to both CoNLL-U and TEI-style outputs.

If the data source is a UD treebank, the gold signal is taken to be the LEMMA field in the
CoNLL-U file. UD has the advantage of providing a fixed token position in a sentence, a
clear separation between FORM (surface form) and LEMMA, and optional morphosyntactic con-
text (UPOS and FEATS), which is useful for analytical and baseline approaches (e.g., wordform
dictionary lookup conditioned on POS/feature constraints). For interoperability and trace-
ability, sentence IDs and document IDs are copied whenever available, and preprocessing
operations are restricted to avoid interfering with token position. Standardization of encod-
ing, e.g., PUA to Unicode, is done in a way that respects token position and is documented
whenever applied.

In the case of TEI/XML source materials, or their equivalent after conversion into TEI
format, the lemma is encoded as an attribute at the token level, which is appropriate for stan-
dard tokenization in TEI In cases where tokenized TEI is available, the lemma is stored on
the <w> elements, (or their equivalent token-level elements), as a dedicated attribute, e.g.,

lemma="...”. In cases where source materials were not tokenized, decisions regarding tok-
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enization are not encoded within the TEI transcription level; instead, a derived token level is
maintained, which is stand-off where possible, so that philological structure is preserved, and
token/lemma levels, which are appropriate for NLP, remain revisable and reproducible.

One effect of this architecture is that UD-oriented experimentation and TEI-oriented
philological inspection can be performed simultaneously without duplication of resources.
The internal schema will, at least, hold the normalized token text, the label for the lemma,
optional POS/features, stable token/sentence/document identifiers, and provenance metadata,

such as source corpus, document, and edition.

4.3 Annotation Guidelines and Decision Rules

The main difficulty in Early Slavic lemmatization is not only the rich morphological system
but also the potential ambiguity resulting from orthography, editorial choices, and differing
resource conventions. To ensure that gold lemma choices are consistent across sources and
annotation passes, this work includes explicit decision procedures that distinguish between
representational normalization and linguistic normalization and document the procedures for
determining the canonical lemma strings.

The lemma strings conform, where possible, to the citation standards of the underlying
scholarly resource. For UD sources, existing lemma choices are adopted by default unless
there is evidence of clear encoding artifacts or systematic inconsistencies. For newly cu-
rated or corrected items, the lemma choices aim to match the dictionary headwords used in
the appropriate tradition (OCS/OES lexicography), be stable across predictable orthographic
variation, and avoid encoding-based artifacts such as PUA characters or inconsistent diacritic
composition.

Diacritics and combining marks are represented in normalized Unicode following con-
version. Diacritics are preserved when they represent the intended orthography used within
the resource; they are not used to represent differences in typography. This aligns the lemma
with linguistic identity rather than typography or display identity.

Ambiguity is treated as the primary issue for surface forms that map to multiple lemma
choices; the gold lemma is chosen based on the sentential context in the immediate vicinity of
the word and, when available, the morphosyntactic tags. This is based on expert procedures
for handling ambiguity and overcomes the significant limitation of dictionary lookup based
solely on surface form, which fails systematically for minority sense or grammatical usage of
ambiguous words. Proper names are lemmatized to the canonical name representation within
the source tradition. When there are multiple orthographic variants for the same proper name,
a canonical lemma is chosen from the variants following normalization, with the mapping
noted when appropriate in internal notes.

The handling of non-lexical tokens is also conservative in nature, ensuring compatibility
with standard evaluation approaches. Punctuation tokens are handled conservatively in the

lemma field; in CoNLL-U, “_" is used only when the lemma is unspecified, while punctuation
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marks may otherwise retain their punctuation symbol as the lemma (or an empty lemma
attribute in TEI format) unless a target framework is specified for the evaluation task. Editorial
markings, such as uncertain readings or expansion brackets, are standardized or eliminated
during the preprocessing step described in Chapter 3. If they occur as tokens, they are ignored
during the evaluation of the lemma to avoid confusion between editorial markings and lexical
content of the word itself.

Numerical forms and abbreviations conform to the conventions of the source material.
Numerical tokens are either excluded from evaluation or have a stable lemma representation
(e.g., normalized numeric string), depending on the target protocol for the task. For ab-
breviations, their handling is also standardized, ensuring that when the surface transcription
reflects the expanded abbreviation, the lemma also corresponds to the expanded lexical item.
When abbreviation marks are preserved within the transcription, the lemma corresponds to
the intended lexical item while ignoring the abbreviation marks, treating them only as graphic
information rather than contributing to the lemma string itself.

For unattested or uncertain forms, the best-supported lemma is assigned on the basis of
morphology and context rather than omitting the token from evaluation. This also tests the

robustness of the model, especially its ability to generalize to OOV forms.

4.3.1 Semi-Automatic Annotation Workflow

The gold-standard annotation process is costly, particularly because it involves language ex-
pertise along with an understanding of editorial practices and orthographic variation. Fol-
lowing the trend that has been noted in low-resource NLP [73], where time spent annotating
is a major bottleneck, we use a semi-automatic process. This minimizes the repetitive work
while still allowing expertise to be used when necessary.

We start by collecting all available token-level lemma annotations from existing resources
in Early Slavic, with a primary focus on UD treebanks and other compatible curated resources.
These annotations are used in two ways: (i) to train the neural lemmatizer architecture dis-
cussed in Chapter 5, and (i1) to derive a dictionary lookup table that maps surface forms to
lemmas, yielding a high-precision signal for frequent types.

For the texts that need new annotations, we apply the encoding standardization layer
(Chapter 3) and then proceed with converting the standardized text into CoNLL-U format,
while keeping stable sentence IDs and token positions. This ensures that the output of the an-
notation layer is directly usable for UD-style training and evaluation, and it makes it easier to
add more layers of annotations (such as POS and morphological features) without having to
access the original corpus. Figure 4.1 summarizes the semi-automatic annotation procedure
adopted in this thesis, from annotation-ready text to the final verified dataset.

Given a tokenized CoNLL-U file, we derive the lemma candidates from two different but
complementary sources. First, a dictionary-based lookup is carried out using the aggregated
lemma inventory. When a surface form is part of the training inventory, its associated lem-

mas along with their counts are obtained. Second, the neural lemmatizer is used to derive a
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Figure 4.1: Semi-automatic annotation workflow used to construct the verified lemma-
annotated dataset. Starting from annotation-ready text, the process combines automatic can-
didate generation with expert verification and correction.

prediction for each token, including unseen token types, by applying the model.
Next, the tokens are categorized into three queues of annotations, which are optimized to

minimize expert effort:

1. Unambiguous seen types: tokens whose surface form maps to exactly one lemma in

the aggregated inventory. These cases are assigned automatically from the inventory.

2. Ambiguous seen types: tokens whose surface form maps to multiple lemmas. For
these cases, we provide a ranked list of up to five candidates, ordered by their frequency
in the aggregated inventory, together with the neural model prediction as an additional

suggestion.

3. Unseen (OOV) types: tokens whose surface form does not occur in the aggregated
inventory. These cases rely on the neural model prediction as the primary candidate

and are flagged for manual review.

This limits the automatic decision-making to high-confidence cases, while explicitly high-
lighting the presence of ambiguity and OOV behavior, which is an important aspect of the
orthographically varied historical corpora.

The suggested lemma candidates are validated and corrected by the human expert anno-
tator. The file is designed in such a manner that the review process can be accomplished
quickly, considering that the suggested list of token types is clustered, along with the number
of cases for each token type. Changes to the lemma decision are made by human experts,
followed by the regeneration of the suggested list to ensure that the process does not involve
repeated human intervention for the same cases.

The final output is the human-validated CoNLL-U dataset, which contains permanent
IDs and normalized Unicode strings. This serves as the gold standard, which is used for the

experiments in the subsequent chapters.

4.4 Gold Dataset Statistics and Splits

The gold resources are accompanied by descriptive statistics, which make it easier to com-
pare across experiments, quantify the amount of representational noise removed by standard-

ization, and provide evidence of the effectiveness of this process. Specifically, the current
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annotated dataset consists of 29,678 tokens drawn from multiple OCS source groups. In ad-
dition to its overall size, the dataset exhibits substantial lexical diversity; it contains 25,517
unique word forms and 23,803 unique lemmas. Beyond the annotated subset used in the
present experiments, the broader source collection is substantially larger. It includes more
than 200 texts comprising approximately more than 5 million tokens, and may support future
annotation efforts.

Table 4.1 reports approximate token counts for the annotated subset used for lemma an-
notation and validation. These statistics are provided after normalization to ensure that any
improvements in coverage or downstream accuracy are not artifacts of encoding mismatches.
This also enables quantifying the reduction of representational OOV, which serves as a nec-

essary infrastructure rather than a model improvement.

Table 4.1: Current source composition of the annotated OCS material.

Source group Origin Tokens
Cyrillomethodiana Cyrillomethodiana portal 5,789
Creed Pravmir: Simvol very 77
Dictionary texts Azbyka 23,812
Total 29,678

We use data splits to assess both in-domain accuracy and out-of-domain robustness, in-
cluding shifts across historical domains. When available, source splits are used to assess
out-of-domain generalization across time, edition, or portal. Finally, OOV-focused splits are
provided to ensure a proportion of the test set consists of OOV tokens, providing a direct
assessment of morphological generalization, especially under OOV-heavy conditions, which
are particularly prevalent in the Early Slavic data sets. When using UD resources, the pre-

existing train/dev/test splits are used when available.

4.5 Quality Control and Validation

The value of gold resources is only realized when they display consistency, encoding in-
tegrity, and reproducibility. Hence, validation is performed on four levels, namely, structural
integrity, encoding integrity, lemma-field integrity, and linguistic consistency.

Structural validation checks ensure proper token index and identifier form (no missing
or duplicate token IDs), sentence boundaries, and document identifier uniqueness. Encoding
validation checks ensure no PUA code points remain after standardization if not documented,
uniform normalization form is applied throughout the files (consistency of the combining
strategy), and normalization is idempotent (reapplication of the converter does not change
the result).

The integrity of lemma fields is verified, ensuring lemma fields are present for all lexical
tokens in the gold resources and explicit for absent values if applicable. For UD-derived
resources, this includes verifying non-empty values of the LEMMA field when expected and

ensuring token alignment is preserved and has not been disrupted by preprocessing. For

41


https://histdict.uni-sofia.bg/textcorpus/list
https://www.pravmir.ru/simvol-very/
https://azbyka.ru/otechnik/Spravochniki/polnyj-pravoslavnyj-tserkovnoslavjanskij-slovar/1

TEI-derived resources, this includes verifying lemma attributes are correctly attached to the
appropriate token layer and remain synchronized with exported token sequences.

Linguistic consistency checks are performed on the corpus as a whole and are used to
detect outliers, which are likely to reflect either true linguistic ambiguity or hidden prepro-
cessing bugs. One-to-many mappings, where a word type maps to many lemmas (expected
for ambiguous forms, questionable for extreme cases), many-to-one mappings, where many
word types map to a single lemma (expected for inflectional variation, questionable if driven
by encoding issues), and improbable lemma string detection (stray markup, numbers, or un-
explained combining) are all included in linguistic consistency checks. Systematic incom-
patibility of lemma choices with other available information as a check, with corrections to
the gold data or preprocessing rules as needed, with all changes tracked via snapshots of the

corpus at particular versions.
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Chapter 5
Neural Lemmatization: OldSlavicLemma

This chapter presents OLpSLAVICLEMMA, our neural, dictionary-free lemmatization system
for Early Slavic languages. The rationale is that we can treat lemmatization as a character-
level sequence transduction problem. This problem can be solved by a model. conditioned
on a small context window around the input word. This is motivated by three factors: (i)
the complex inflectional morphology of OCS and OES, (ii) the presence of orthographic
and editorial variation, and (iii) lexical ambiguity where words can have different lemmas
depending on context. Unlike earlier hybrid approaches that combine dictionary information
with neural networks, such as Stanza [78, 79], or edit rules, such as UDPipe [89, 90], our
model is purely neural and can generalize beyond its training data. The implementation is
released on GitHub!.

5.1 Problem Formulation

We formulate lemmatization as a sequence transduction task defined at the character level.
The model receives as input a context window that includes both the token to be lemmatized

and its sentential context. Let the context window S of size K be defined as:
S:(W_K,...,W_I,W(), W+17-"’W+K)7 (51)

where w( denotes the token whose lemma is to be predicted, and w_g, . . ., W_1, W41, ..., Wik
denote the contextual tokens on its left and right sides. The hyperparameter K controls the
amount of contextual information made available to the model. In our implementation, we
set K = 2, so that the model observes two tokens on each side of the target within S.

The context window is converted into a serialized input stream x in which each token w;

is represented as a sequence of characters drawn from the finite alphabet C:
X = (sos) chars(w_g,...,w_1) L chars(wg) L chars(w,i,...,wsg) {€os).

The stream x is formed by concatenating character sequences. The function chars(-) maps a

'https://github.com/usmannawaz01/EarlySlavicLemmatization
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token to the ordered sequence of its characters. The special symbol L marks the boundaries of
the target token relative to the left and right context, whereas (sos) and (eos) indicate the start
and end of x. In addition, {pad) is used for padding, and (unk) represents unknown or out-of-
vocabulary characters. It should be noted that the alphabet C includes all characters observed
in the training data, including letters, diacritics, and punctuation, some of which may carry
language-specific information. For example, in OCS texts the diacritical mark titlo indicates
omitted letters or abbreviations, especially in words referring to holy persons or religious
concepts. This formulation of the input x, allows the model to identify which segment of the
sequence corresponds to the token of interest while preserving the surrounding context.
Given the serialized input x, the model produces as output a character sequence repre-

senting the predicted lemma of the target token w:

y=01Y2-»¥7), yi€C Vi, (5.2)

where T is the length of the target character sequence, each y; denotes the ¢-th character of
the canonical lemma, and the lemma is generated character by character sequentially from
the same alphabet C.

Training is carried out under a conditional character-level language-modeling objective,

where the probability of the lemma sequence is maximized given the serialized input stream:

T
pO 10 =] [pGily< %), (5.3)

=1
where yo; = (y1, ..., y;—1) denotes the prefix of characters generated before step ¢. Equation

(5.3) defines an autoregressive factorization in which each lemma character y, is predicted
from two sources: (i) the serialized input stream x (Equation (5.1)), and (ii) the previously
generated output prefix y.,. Under this formulation, the lemmatization problem becomes a

character-level Seq2Seq task.

5.2 Model Architecture

Our proposed OLbSLAavicLEMMA adopts a character-level encoder—decoder architecture as
illustrated in Fig. 5.1. The encoder processes embeddings derived from the serialized input
stream X, which contains the character sequence of the target token together with the char-
acters of its left and right context (K tokens on each side). The decoder then generates the
lemma ¢ autoregressively, producing one character at a time.

The encoder consists of two stacked BiLSTM layers, which progressively transform the
input into increasingly informative character-level representations. The first BILSTM is in-
tended to capture fine-grained orthographic and sequential regularities, while the second layer
builds higher-order contextual abstractions over those representations. Between these two

recurrent layers, we employ a cross-layer multi-head attention (CLMA) mechanism that ap-
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plies attention over BiLSTM outputs [54] using the standard Q—-K-V formulation of scaled
dot-product attention [97].

In this module, the output of the first BILSTM is used as the source of queries (Q), whereas
the output of the second BiLSTM is used as the source of keys and values (K, V). The ef-
fect of this design is to re-interpret lower-level character representations through the lens
of higher-level contextual states, thereby combining detailed morphological evidence with
broader contextual structure. Unlike standard self-attention, which models relations among
positions within the same layer, our cross-layer formulation promotes inter-layer information
flow and tighter integration of representations.

Lemma generation is handled by a unidirectional LSTM decoder [43] operating in an
autoregressive manner [37]. At each decoding step, the decoder hidden state acts as the
query (Q), while the encoder representation provides the keys and values (K, V) through an
encoder-decoder cross-attention (EDCA) mechanism. This design allows every decoding step
to remain conditioned on the full encoded input sequence rather than depending only on local
or position-aligned slices. As a result, the model can better resolve ambiguous forms and can
generalize to unseen surface realizations by dynamically retrieving the most relevant encoded
information during generation.

In the following, we present the components of the architecture in detail.

Input
Character Embeddings]
H 7YYo L=
BILSTM Q H*16
Layer 1 K,V LA

>

' BILSTM ———»[Menation

Layer 2
K|V
iDecoder ~~ T T T e T
' EDCA IH*16
Y Q )

Figure 5.1: Architecture of our proposed encoder—decoder lemmatization model. Two
stacked BiLSTMs are connected by cross-layer multi-head attention (CLMA), while the de-
coder employs cross-attention over encoder states (EDCA).
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5.2.1 Character Embedding Layer

The architecture begins by transforming discrete character symbols to continuous vector rep-
resentations suitable for neural processing. Let C denote the finite character vocabulary ob-
served from the training corpus, including, as noted above, diacritics, punctuation, the separa-
tor symbol L, and the four reserved tokens ({sos), (eos), (pad), (unk)). We define a trainable
embedding matrix:

E € RICIxd: (5.4)

where |C| is the vocabulary size and d, is the embedding dimension. Each row of E corre-
sponds to the vector representation of one character in C.

For an input character sequence
X =(x1,x2,...,xX5), X, €C (5.5)

where N denotes the sequence length and x,, is the n-th character, embedding lookup maps

every symbol into its dense representation:

X = [E[x1;E[x2];...;E[xy]] € R V* (5.6)

Here, E[x,] € R1*%de denotes the embedding vector of the n-th character; the operator
(;) denotes vertical concatenation, and X is the resulting embedded sequence passed to the
encoder. In our implementation, the trainable embedding weights E; ; are initialized by sam-
pling from a standard normal distribution with zero mean and unit variance.

The embedding associated with the padding token (pad) is constrained to remain zero:
E[(pad)] = 0 € R%. (5.7)

Equation (5.7) ensures that padding does not contribute to either gradient updates or to subse-
quent computations. Through this layer, the model acquires distributed representations over
characters, enabling it to capture regularities in orthography, including diacritic usage and
variant spellings, while also treating the separator symbol L as an explicit structural indica-

tor of target boundaries.

5.2.2 Encoder

The embedded character sequence X € RV*% (Sec. 5.2.1), where N denotes the sequence
length and d. the embedding dimension, is processed by two stacked BiLSTM layers. The
first layer is intended to model local orthographic and morphological patterns, and the second
layer further refines these representations. Each LSTM unit follows the standard formulation,
with gating mechanisms and a tanh nonlinearity for both candidate states and hidden outputs.
Let H denote the hidden size in each direction. The recurrence of the first BILSTM is defined
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as:

1Y =LstMO (E[x ], 0"

b =LSTMY(E[x], t+1)-

Here, E[x;] € R% is the embedding associated with the -th character, ﬁl(l) € R is the
forward hidden state, and (lT,(l) € RH is the backward hidden state. Their concatenation is
defined as:

H;l) [ﬁ(l) ‘h_(l)] R2H vy (5.8)

t
and HD € RV*2H denotes the sequence of context-sensitive states produced by the first layer.
These representations are then consumed by the second BiLSTM, which computes:

B —LstMPEHD R,
t 1

B2 —rstM@E?, h <—<2>

t+1

Again, for each time step ¢, the output Ht(z) is formed by concatenating the hidden states from
the forward and backward directions, and H? e RVH denotes the higher-level contextual-

ized sequence resulting from Eq. (5.9).

H? = [h@®; h?] e R, (5.9)

Although BiLSTMs are effective at capturing sequential dependencies, their ability to
directly relate distant positions remains challenging. To address this, we employ a CLMA
block in which the outputs H!) of the first BILSTM serve as queries, while the outputs H(?)
of the second BiLSTM serve as keys and values for a multi-head attention mechanism [97].
This design explicitly links lower-level representations to higher-level contextual abstractions.

The corresponding linear projections are defined as:

Q = HVWZ +p2
K = HOWF +pk,
VvV = H?W' +p¥

where W2, WK, WV are trainable projection matrices and b2, bX, b" are bias vectors. After
linear projection, Q, K € R¥*? and V € RV*dv,

Within the multi-head attention layer, Q, K, and V are partitioned into / heads, each with
dimensionality dy /h and d,/h. Scaled dot-product attention, as given in Equation (5.10), is
applied independently to each head, after which the resulting outputs Ay, are concatenated

and projected back. Specifically, scaled dot-product attention is computed as:

Q:K;
A, = softmax( )Vh. (5.10)
Vdi
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The attention mechanism computes similarity by taking dot products between a query
and all keys, scaling the result by v/dj, and applying softmax to obtain normalized weights
reflecting the relative relevance of positions for the output computation. These weights are
then used to construct a weighted combination of the value vectors. The factor 1/v/dy is used
to prevent the logit magnitude from growing, which can lead to unstable training and slow
convergence.

Finally, the outputs H® of the second BiLSTM are concatenated with the outputs of the
CLMA layer to obtain the encoder features E* € RV*#H

5.2.3 Decoder

The decoder generates lemma characters autoregressively under teacher forcing [104]. Given
the gold prefix y;.;—1, we build per-step inputs by concatenating lemma embeddings with

encoder features:
D = [Ey(YI:L—l) ; ET:L—]] c R(L—I)X(dy+4H).

E,(yi.z-1) € RE-DXdy are the decoder input embeddings with d, indicating the embed-
ding dimension. During training, the decoder input embeddings E, (y;.,-1) are obtained by

passing the gold lemma characters (under teacher forcing) through the shared character em-

*
1:L-1

length-matched to L — 1 by truncation or padding.

bedding layer used by the encoder. E e RUDX4H are derived from the encoder output,

A unidirectional LSTM consumes D and produces decoder states:
S = LSTMgec(D) € RUE-DX2H

Here, S, € R?# is the decoder hidden state at step #. Each LSTM unit applies gating mech-
anisms to regulate information flow, producing context-sensitive hidden states that capture
both short- and long-range dependencies.

In the encoder—decoder cross attention (EDCA) layer, we employs multi-head cross-
attention, where multiple attention heads operate in parallel. The decoder’s hidden states
act as queries, while the encoder representations provide keys and values. This mechanism
enables each decoding step to selectively attend to all input positions, closely following the
classical Seq2Seq attention formulations [91, 10, 59]. The Transformer architecture [97]
adopts the same structure, queries from the decoder and keys/values from the encoder but
extends it through multi-head attention, offering a unified and more expressive formulation

of attention.
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Q¥ = SWZ +b?,
K* = E*WX +bX,
V¢ = E*W' +b".

Scaled dot-product cross-attention is computed as:

decyrxT
C = softmax(—) V*.
Vdx

Finally, logits and probabilities for the next-character Y are:

z, = WoutCt +b0ut

softmax(z;).

Py | y<1,X)

At step ¢, the decoder takes the cross-attention output C; and projects it through a linear trans-
formation to obtain logits z,. Each entry of z, assigns a score to a candidate next character,
and the subsequent softmax operation converts these scores into a probability distribution

over the next character.

5.2.4 Training Objective and Optimization

The training objective is the negative log-likelihood of the gold lemma characters. For a
mini-batch of B examples, where the b-th example has lemma length 7}, we minimize the

cross-entropy loss

~

b

L(09) =

M=

—y"2 tog po(c 1 4,2, .11)

char

S
Il

1 t=1 ceC

where py denotes the model’s predictive distribution, y( ) |

*(b)

is the gold lemma prefix at step ,
and y*,  is the one-hot indicator for the gold character and Ny, = Zgzl T}, is the total number
of non-paddlng target characters in the batch. This loss yields an average per-character loss.
It prevents longer lemmas from dominating the objective and keeps the loss scale consistent
across batches with variable lengths.

Dropout is applied in the encoder, attention, and decoder components. For optimization,
we use the Lion optimizer [20], together with a learning-rate scheduler and early stopping.

Table 5.1 reports the hyperparameters used in model implementation and training. Opti-
mization proceeds through mini-batch updates. We also apply gradient clipping and replace
input characters with the <unk> token with probability 0.05, a strategy intended to improve

robustness to spelling variation.
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Table 5.1: Hyperparameters used in all experiments.

Batch size 32
Epochs 75
Learning rate 1.5x 107*
Embedding Dimension (d. , dy) 96
Latent Dimension (H) 128
Attention heads (/) 16

5.3 Reproducibility and integration with the thesis pipeline

OLbpSravicLEMMA is evaluated under the same representation-aware pipeline used for the
baseline system and the corpus resources described earlier (Chapter 3). In particular, the
encoder consumes normalized Unicode strings produced by the PUA-to-Unicode standard-
ization layer so that model capacity is not wasted on learning portal-specific or font-specific
encoding artifacts. Keeping normalization constant across models ensures that improvements
can be attributed to the lemmatizer rather than to hidden preprocessing drift, and it supports
fair comparisons with dictionary baselines and UD pipelines. The released implementation
includes the preprocessing steps required to construct context windows, serialize character
streams with boundary markers, train the model, and run evaluation in a reproducible man-

ner.
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Chapter 6
Comparative Systems and Baseline

This chapter describes the underlying baselines and comparative approaches adopted through-
out this thesis. There are two objectives. First, it uses strong baselines that have been exten-
sively used in UD evaluations and historical NLP benchmarks. Therefore, the baselines have
value beyond the specific snapshot of the dataset. Secondly, this chapter outlines the under-
lying inductive biases of the baselines: lexicon lookup, edit rule transformation, and neural
sequence transduction. These biases play a significant role in the types of errors that dominate
historical low-resource datasets, such as out-of-vocabulary words, spelling errors, and lemma
ambiguity. In this chapter, the baseline are evaluated with the same scoring mechanisms as
those discussed in Chapter 7.

The main baselines have been evaluated under gold tokenization to isolate lemmatiza-
tion from any tokenization effects. In addition, for the Early Slavic UD v2.12 treebanks, we
also include a raw-text-to-CoNLL-U comparison in which the Stanza tokenizer is used, and
OLbSLavicLEMMA is applied to the resulting tokenized files.

Under gold tokenization, results are reported as lemma accuracy; for raw end-to-end
pipeline evaluation, we report the official Lemmas F1 score. We compare OLbSLAVICLEMMA

against lemmatizers representing four design paradigms:

1. Edit-rule-based approaches, which learn transformation rules from surface forms to

lemmas;

2. Hybrid approaches, which combine dictionary lookup with neural backoff for infre-

quent or unseen words;
3. Shared-task systems evaluated on historical benchmark data; and

4. A dictionary-based baseline, which serves as a transparent memorization-oriented com-

parator.
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6.1 Dictionary-Based System

A simple dictionary-based lemmatizer provides a clear and informative baseline. Despite its
simplicity, the approach may remain competitive in a setting with a high degree of repetition at
the surface form level and a consistent mapping to lemmas, and provides a clear measure of the
degree to which the approach can achieve the desired level of performance by relying solely on
the overlap of forms. More importantly, the approach provides a clear failure mode, whereby
errors can be attributed to either (i) lack of coverage (true OOV), or (ii) ambiguity (a given
surface form is associated with multiple lemmas), rather than a lack of model transparency.
Let Dyin denote the training set consisting of token—lemma pairs (w;, ¢;). We induce
a type-to-lemma mapping by selecting, for each word type w, the most frequent lemma ob-

served with that type in the training data:
f(w) = arg méglx #{(w;, £;) € Dyain : wi =w A = C}. (6.1)

This yields a dictionary M mapping each observed surface form to a single lemma: M : w —
(w).

The process is designed with a deliberately conservative approach, without character-
level generalization or contextual information, thus focusing solely on the effect of lexical
memorization.

Given a test token w;, the baseline outputs:

~ M(W,’), ifw; € dom(M)
t = (6.2)
wi, otherwise (OOV pass-through).

The OOV pass-through is utilized in the process to avoid making conjectural assumptions
about the unknown forms. In historical datasets, there is a high amount of unknown forms that
correspond to real orthographic novelty, editorial practices, or simply infrequent inflectional
forms. The process is designed in such a manner that the errors remain understandable.

The dictionary baseline, as a measure, is naturally a significant comparator for Early
Slavic, as it represents the most extreme form of the memorization-only approach, since the
ability to look up and match the training and test forms yields a very precise result. However,
the very features of Early Slavic that make it so fascinating as a language also highlight the
limitations of the dictionary approach. As a result, the dictionary baseline is typically used
as (i) a way to establish a bound on the level of generalization and (ii) a tool to measure the
proportion of errors caused by coverage and ambiguity.

However, the process of dictionary lookup is only possible if the code points of the strings
are the same. In other words, two strings will only be a match if their Unicode sequence is
the same. This is a problem with the resources used in Early Slavic, as the same symbol may
be represented differently due to the presence of private use area characters. Therefore, the

dictionary baseline is always used after the standardization of the private use area characters.
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There are benefits to the ordering: the process converts false out-of-vocabulary tokens into
in-vocabulary types, stabilizes the frequency counts used in Equation 6.1, and ensures that
the errors of the dictionary baseline capture more accurately linguistic variation.

Ambiguity represents a significant source of errors for Early Slavic, driven by syncretism
and editorial normalizations, which either ignore or normalize the differences. While the
most frequent lemma approach represents a reasonable default, it fails to incorporate con-
textual information and, as a result, inevitably selects the most frequent lemma, even if it is
inappropriate for the context. This represents a key consideration for the forthcoming chap-
ters, as it identifies a key objective for a model that supports contextual and character-level
information.

To ensure the utility of the baseline, the dictionary lemmatizer is retained in its most
basic form. However, it is desirable to distinguish the baseline, as implemented, from the
optionally included and reported extensions. The implemented baseline strictly represents the
most frequent lemma, including out-of-vocabulary pass-through. Optional extensions include
support for part of speech, enabling a mapping from (word, UPOS) to lemma, as performed
by hybrid approaches to the Universal Dependencies framework, e.g., Stanza; and the use
of normalization-aware lookups, which can be constructed from a common standardization
layer. Finally, the use of edit-pattern backoff rules, which can be constructed from pairs,
represents a more nuanced extension and, as a result, shares a more significant degree of
similarity to the edit rule lemmatizers.

Because the normalization component is shared by both the dictionary baseline and the
neural model, the comparison between the two approaches is not confounded by encoding
differences. Although the character-level network may automatically adjust to the encoding
irregularities, it may overfit the encoding scheme without the use of the normalization com-
ponent.

For the purpose of baseline evaluation, the conventional token-wise lemmatization method-
ology is utilized. In other words, the predicted lemmas and the gold lemmas are compared.
This provides a measure of the correctness of the predicted lemmas, as measured by the anno-
tation scheme. This methodology also enables the evaluation of the proposed model relative
to the current hybrid and neural approaches. However, for the purpose of the current thesis,
the focus of the evaluation methodology is the token-wise accuracy and robustness of the

proposed model.

6.2 UDPipe 2

UDPipe is part of the well-known Universal Dependencies processing pipelines, which in-
clude tokenization, sentence segmentation, part-of-speech tagging, morphological tagging,
dependency parsing, and lemmatization in one unified framework [89, 87]. Within the context
of the Universal Dependencies framework, the relevance of the UDPipe processing pipeline

to this thesis lies in its pedagogic value as a baseline due to its inherent design centered
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upon the CoNLL-U format, along with its availability with pre-trained models for various
treebanks, which facilitates evaluation in standardized conditions [90]. In this thesis, focus
will be given to the lemmatization process offered by the UDPipe processing pipeline, with
evaluation conducted with gold tokenization and gold sentence segmentation.

In the context of the UDPipe processing pipeline, the process of lemmatization has been
formulated as a supervised transformation problem, whereby, given the input token and its
candidate morphological analyses, the system predicts the lemma by applying the most likely
lemma rule to the input token [88]. More specifically, candidate analyses may include a
universal POS tag, a language-specific POS tag, morphological features, and a lemma rule,
where the lemma rule maps the observed token to its corresponding lemma. These rules
can be viewed as compact representations of character-level operations, such as the deletion
of suffixes, replacement of endings, or alternation of stems. In this context, the UDPipe
processing pipeline selects the most likely lemma rule for the given token with the help of
a supervised model trained on the corresponding treebank. Two features are inherent to this
processing pipeline that make it useful as a baseline for historical lemmatization.

Firstly, as the transformation is directly learned from the data, good performance is typ-
ically observed when the lemma formation is regular and the relevant edit patterns occur
frequently enough in the training data. Secondly, as the prediction is based on the application
of a rewrite rule, the prediction process is deterministic once the rule is fixed, which is useful
for error analysis as the errors may be traced to the application of the wrong transformation
class. However, the approach is limited by the diversity of edit patterns that the training
data may contain. In historical datasets, where high surface-level diversity is common and
many spelling variants occur, test forms may require transformation patterns that are absent
or insufficiently represented in the training data, and the edit rule may not cover the range of
morphological and spelling variations. Therefore, when assessing UDPipe’s edit-rule-based
lemmatization approach, it is useful to compare it with neural character-level lemmatization

models, which may be more robust to unseen spelling and morphological variation.

6.3 Stanza

The Stanza NLP pipeline is developed by the Stanford NLP group, as described in [79], and
is built upon the Stanford system submitted to the CoNLL-2018 shared task [78]. The Stanza
pipeline is similar to the UDPipe pipeline in terms of functionality; it provides an end-to-end
set of components for UD processing. However, the Stanza pipeline differs from the UDPipe
in model architectures in that the Stanza lemmatization component is designed as a hybrid
component with the explicit aim of using high-precision memorization of frequent forms and
neural generalization of infrequent forms.

The Stanza lemmatization process is based on the integration of three components of
evidence [78, 79]. First, the Stanza pipeline learns a context-sensitive lexicon based on the

(FORM, UPQOS) pair, where the most frequent lemma of the word is determined based on
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the universal POS tag. This component of the Stanza pipeline is designed to cover the most
common cases of ambiguity that correlate with POS tags, such as cases where the word is
used as both a noun and a verb with different lemmas. Second, if the (FORM, UP0S) lookup
fails, the Stanza pipeline uses a backoff lexicon based solely on the FORM of the word. This
word-only lexicon is designed to cover cases where the UPOS-conditioned dictionary does
not contain a matching entry. The backoff lexicon is a robust method of handling the most
frequent forms in the training set. Third, the Stanza pipeline uses a Seq2Seq neural character-
level model to generate the lemma string from the input word.

The neural part treats lemmatization as a character transduction problem and learns to
map input strings to lemma strings. This is typically done using an encoder—decoder model
with an attention mechanism [78, 79]. The former encodes the input token’s character string
to a representation, and the latter generates conditioned on the representation. This module
allows Stanza to generalize to unseen inflected forms and, to some extent, to spelling varia-
tion, because the neural component relies on character-level regularities rather than only on
memorized word forms.

The hybrid model has two advantages. For words with high frequency and stable spelling
that are common in its training data, dictionary matching can achieve almost perfect accuracy
without any generation errors. For words that are unseen in its training data, it can still gener-
ate a plausible lemma even if its surface form is not in its dictionary. At the same time, Stanza
also inherits two weaknesses that are particularly relevant in Early Slavic languages. First,
with small or very heterogeneous training data, the sparsity of the lexicon components may
result in inconsistent lemma choices across resources, which diminishes the effectiveness of
memorization. Second, with historical data showing significant spelling variations and un-
common characters, the generator must effectively generalize with little supervision, with
performance decaying rapidly if orthographic changes result in input patterns deviating from
the training distribution. These factors make Stanza an important and challenging comparison
for OLpSLAvIcLEMMA since both systems leverage a neural character-level transducer, with
Stanza also leveraging dictionary mechanisms that can be beneficial (in the high-coverage
regime) or detrimental (in the low-coverage regime).

In the comparison, we use gold tokenization and gold sentence segmentation with Stanza
to ensure the evaluation conditions are comparable to those for OLpSLavicLEmMA. For the
raw-text-to-CoNLL-U comparison, Stanza is also used only for tokenization and sentence
segmentation before applying OLbSLAVICLEMMA to the produced CoNLL-U files. Therefore,
any differences can be attributed to the lemmatization process. For UD v2.12, we include
the official results for Stanza if available; for UD v2.15, we include Stanza results with the
corresponding models using gold tokenization evaluation like the results for our proposed
system. In addition, we include the Stanza model versions and the corresponding UD release

identifiers to guarantee reproducibility of the comparison.
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6.4 Shared-Task Systems (SIGTYP 2024)

To contextualize our results outside the realm of Early Slavic and to compare with competitive
recent approaches to historical lemmatization, we include baselines from the SIGTYP 2024
shared task [28] on word embedding evaluation for ancient and historical languages, which
included lemmatization among its evaluation tasks. The shared task is particularly relevant to
this thesis, as it includes many settings that this research is designed to address: limited train-
ing data, significant variability in spelling conventions across languages and writing systems,
and assessment based on exact string matching rather than secondary metrics. Moreover, the
shared task paradigm provides a unified testing framework, which includes data splits, scoring
scripts, and reporting conventions. This reduces the risk of comparability concerns that often
arise from the use of varying preprocessing or scoring strategies across individual papers.

Our performance assessment of OldSlavicLemma is conducted with respect to the top-
performing approaches reported in the shared task results [28], such as HDB-BOS [81],
Team 21a [64], UDParse [41], and TartuNLP [30]. Though they vary significantly in their
underlying architecture, the approaches identified above illustrate three recurring architec-
tural patterns in the SIGTYP 2024 systems: (i) multilingual Transformer-based solutions, (ii)
parameter-efficient fine-tuning strategies designed to reduce overfitting with limited training
data, and (iii) character-aware or hybrid architectures that address morphological transforma-
tion.

Several SIGTYP 2024 systems relied on pretrained Transformer-based models or Transformer-
style encoders, which were then adapted or fine-tuned for the shared-task settings [28]. The
underlying rationale for this approach is that pre-training allows for the integration of lexical
and contextual information that might not be present within the training set, and sub-word
tokenization can mitigate the problem to a certain extent. However, for historical languages,
pre-training might be problematic since differences in script, spelling, and content might re-
duce its effectiveness. Additionally, sub-word tokenization might fragment historical spelling
and lead to idiosyncratic sub-word forms that might reduce the effectiveness of the model.
For this reason, some SIGTYP 2024 systems incorporated character-aware modeling, for ex-
ample, through hierarchical tokenization or character-level generation for lemmatization [81].

Another important pattern in the competition is parameter-efficient fine-tuning (PEFT),
which involves the fine-tuning of a limited set of parameters within a pre-trained model [30,
41]. The rationale for this approach is that the training set for historical languages might be too
limited to allow for the updating of a large number of parameters without risking overfitting.
This strategy is useful because it balances limited task-specific supervision with the large
capacity of a pre-trained model.

The third pattern focuses on character-aware modeling and the explicit treatment of mor-
phological transduction, sometimes in combination with contextual encoders. Methods in
this group approach lemma prediction as a structured string transformation, aiming to capture
regularities in string edits at the character level, which is often the appropriate inductive bias

for morphologically rich languages and historical spelling. In the SIGTYP 2024 constrained
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setting, character-aware modeling was particularly relevant, as illustrated by the HDB—BOS
system, which used character-aware hierarchical Transformers and character-level T5 models
for lemmatization [81].

In this thesis, the results provided by the SIGTYP 2024 shared task are used as a reference
point for the performance of shared-task systems, as the shared-task organizers provide a fixed
evaluation protocol and scores for the participating teams. It is worth noting that SIGTYP
2024 distinguishes between constrained and unconstrained settings, where the unconstrained
setting allows the use of external resources and pre-trained models. The primary comparison
for OLbSLAvVICLEMMA is made in the constrained setting, because our model is trained only
on the provided task data. However, selected unconstrained systems are also reported as
additional reference points, while clearly marking them as such.

For scoring, we follow the official SIGTYP evaluation process and report scores generated
by the shared task scoring program [28]. To be more precise, SIGTYP reports Accuracy @1
and Accuracy @3 scores, which are then combined following the official evaluation protocol
(Section 7.2). Using the official evaluation script helps to avoid subtle normalization and
string comparison issues that may occur due to the historical corpora’s use of diacritics and
non-standard character combinations. In reporting results against the shared task systems,
we (1) quote the shared task scores for the systems we are interested in, and (i1) compute the
scores using the official evaluation script, which we use for scoring in this work, to ensure
that the results we observe are due to the models rather than evaluation differences.

In summary, the SIGTYP baselines play two roles in our evaluation process. Firstly,
they allow us to compare OLpSLAvIcLEMMA with historical lemmatization systems outside
the Slavic family, including systems not specifically designed for Early Slavic. This helps
determine whether the observed gains are specific to Early Slavic or reflect broader benefits
of the proposed architecture. Secondly, the baselines serve as a sanity check with respect
to typological and orthographic variation, given the diverse range of languages included in
the benchmark [28]. This gives us a much larger context than evaluation across Early Slavic
UD treebanks only, and supports the claim that historical lemmatization models should be
evaluated not only in terms of in-domain performance but also with respect to their ability to

generalize to new, unseen data.

6.5 Retrained Settings for the Newly Annotated OCS Bench-

mark

In addition to the off-the-shelf Stanza model, two retrained Stanza and OLpSLAVICLEMMA
settings were used for benchmarking on the newly annotated OCS material. The purpose of
these settings was to test whether adaptation to the new annotation improves lemmatization
performance and to assess the effect of combining the new data with the existing UD OCS
resource.

To support standard evaluation, the annotated OCS material was partitioned into training,
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development, and test sets using an approximate 80/10/10 split at the sentence level, while
preserving sentence boundaries within each source file.

The train/dev/test split of the newly annotated OCS benchmark follows the protocol de-
scribed in Chapter 7: 23,768 training tokens, 2,979 development tokens, and 2,931 test to-
kens.

The first retrained setting uses only the newly annotated OCS material introduced in this
thesis. The corpus was divided into training, development, and test portions, and models
were retrained on the training split with model selection based on the development split.
This setting is intended to measure in-domain adaptation to the orthographic, lexical, and
annotation properties of the new resource.

The second retrained setting uses a combined training corpus formed by merging the new
annotated OCS training data with the existing UD v2.12 OCS training data. This setting was
included to test whether broader lexical coverage and exposure to previously available OCS
supervision improve generalization, both on the new benchmark and on the standard UD OCS
test material.

In both retrained settings, we use the Stanza and OLbSLAvicLEMMA lemmatizer within the
same general pipeline framework as the pretrained system, while changing only the training
data configuration. This makes the comparison more interpretable: differences in perfor-

mance can be attributed primarily to the effect of retraining data.

58



Chapter 7
Experimental Protocol

This chapter describes the experimental protocol used for evaluating lemmatization for Early
Slavic texts in a manner that is (i) directly comparable to existing UD pipelines and bench-
marks, and (ii) informative regarding the error patterns that are characteristic of historical
corpora. While, in modern standardized language environments, corpora are characterized
by full supervision, little variability in spelling, and a relatively small set of word forms, in
historical corpora, we are confronted with a situation in which a single score does not capture
the differences between systems, such as whether improvements are driven by memoriza-
tion of frequent word forms, actual generalization to unseen word forms, or disambiguation
of contextual information. The protocol therefore combines standard benchmark-style eval-
uation with targeted analyses designed to expose robustness properties that are especially
relevant for OCS and OES.

We structure the evaluation around four complementary settings. First, we report in-
family evaluation on Early Slavic treebanks (OCS and OES), which are the main domain
of interest in this thesis. Second, we evaluate cross-family historical generalization on the
SIGTYP 2024 benchmark [28]. Third, we report broad multilingual generalization on a
curated subset of UD v2.12 treebanks. Fourth, we include a newly annotated OCS benchmark
introduced in this thesis, which is used to evaluate transfer to newly curated material and the
effect of retraining on in-domain annotation.

The ReduceLROnPlateau scheduler is used to lower the learning rate when validation
accuracy ceases to improve, and early stopping is applied accordingly. The best checkpoint
is selected based on accuracy on the validation set. All experiments were run on an NVIDIA
GeForce RTX 4060 GPU.

In the main settings, we evaluate under gold tokenization and gold sentence segmentation
as supplied by the benchmark resources. For the Early Slavic UD v2.12 and v2.15 treebanks,
we additionally report a raw-text-to-CoNLL-U setting. In this setting, raw text is tokenized
with Stanza, and the resulting CoNLL-U files are used as input for OLbSLAvICLEMMA. This
approach to evaluation was intentionally chosen to separate lemmatization from other pro-
cesses such as segmentation, as well as to avoid measuring the quality of lemmatization in

conjunction with tokenization errors. This approach to evaluation is similar to the dominant
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reporting convention used in benchmarking the universal dependencies (UD) pipeline, thus
facilitating comparison with publicly reported results for UDPipe and Stanza, when such re-

sults are publicly available [90, 79], unless otherwise specified.

7.1 Datasets and Splits

The section is organized as follows. First, we describe UD as the common evaluation substrate
used to represent the main treebank data and to support comparison with existing systems.
We then introduce the Early Slavic treebanks used in the in-family experiments, followed by
the SIGTYP 2024 historical benchmark, the multilingual UD subset, and the newly annotated
OCS benchmark. For each setting, we specify the role of the dataset in the evaluation and the

way in which the corresponding splits are used.

7.1.1 Universal Dependencies as a Common Evaluation Substrate

A significant portion of the experiments carried out in this thesis relies on the UD Initiative, an
open, cross-linguistic project that provides a unifying annotation scheme for morphological
and syntactic structure, as well as language-specific information when necessary [69, 27].
UD treebanks are distributed in the CoNLL-U format, which provides token-level columns
for surface form (FORM), lemma (LEMMA), universal and language-specific POS tags (UPOS,
XP0S), morphological features (FEATS), and dependency information (HEAD, DEPREL) [69].
In the context of this thesis, this representation serves three methodological roles.

First, it provides a uniform interface for training and evaluation across both Early Slavic
and multilingual data. Because the lemma is defined at the token level and aligned to gold
tokenization, lemmatization can be evaluated consistently across treebanks without dataset-
specific evaluation code. Second, the UD format supports fair comparison with established
UD pipelines such as UDPipe and Stanza, which are designed around CoNLL-U and are
commonly reported under the same evaluation assumptions [90, 79]. Third, CoNLL-U re-
tains contextual signals—POS and morphological features—that are useful for analysis. Even
when the proposed model is not conditioned on these fields, they enable controlled break-

downs (e.g., by POS class) and facilitate interpretation of errors typical of historical corpora.

7.1.2 Early Slavic Treebanks (UD v2.12 and UD v2.15)

The focus of the in-family evaluation is on Early Slavic treebanks that include lemma annota-
tion for OCS (chu) and OES (orv). OCS is predominantly represented by the OCS-PROIEL
treebank in UD v2.12, and for OES, we use the treebank family that is based on the treebank
part of the Tromsg Old Russian and OCS Treebank (TOROT) corpus, as well as all extensions
thereof, including Russian National Corpus (RNC) and Birchbark. These treebanks cover var-
ious genres and editorial traditions, reflecting the main difficulties in historical lemmatization:

complex inflectional morphology, syncretism, and significant surface form variation.
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To assess robustness to resource updates and annotation drift, we report results on corre-
sponding Early Slavic treebanks in UD v2.15 as well, which contains updates that include cor-
rections to treebank content, such as tokenization and lemma updates, as well as new sources
added for OES treebanks relative to v2.12.! We always use the canonical train/dev/test splits
that come with treebanks, as well as preserving gold tokenization or segmentation.This choice
ensures that performance differences are attributable to lemmatization behavior rather than

to altered preprocessing.

7.1.3 SIGTYP 2024 Historical Benchmark

To evaluate cross-family historical generalization and to compare against shared-task sys-
tems, we use the SIGTYP 2024 benchmark for ancient and historical language processing
[28]. The SIGTYP 2024 dataset contains 13 languages, mostly from the UD v2.12, with a
standardized evaluation framework for the task of lemmatization across various script types
and families of languages. The SIGTYP 2024, following the shared task framework, utilizes
the 80/10/10 split (train/validation/test) at the sentence level for the training, validation, and
test sets, respectively.

The SIGTYP 2024 specifies two training settings: the constrained track (C), in which
the system is restricted to use only training data, and the unconstrained track (U), in which
external data resources and pretrained models are permitted [28]

In this thesis, the results of the experiments are presented in the constrained regime.
This is in line with the underlying motivation for historical NLP and the focus of this thesis
on robust lemmatization with limited supervision and diverse data sources. The evaluation
metrics are calculated with the official SIGTYP scoring program,?, thus ensuring strict com-
parability with the official results of the shared task and reducing potential divergences in

string matching and normalization, especially in diacritic-rich historical data.

7.1.4 Multilingual UD v2.12 Benchmark Subset

Beyond historical assessment, we examine the model’s ability to generalize across a broad
multilingual setting by evaluating on a curated subset of the UD v2.12 treebanks. The se-
lection of these treebanks is motivated by the widespread adoption of the data in published
evaluations of mainstream UD pipelines, with official results for lemmatization of systems
like UDPipe 2 and Stanza routinely reported for this release of the data [90, 79]. Using the
same release of the data helps ensure that any improvements are not due to changes in the
data itself between releases.

Because the UD includes treebanks with differences in size, genre, and annotation history,
an indiscriminate “all treebanks” evaluation may be misleading, as small treebanks may cause

unstable training behavior for Seq2Seq models, and some treebanks may not have comparable

'Note that when we report results on specific releases, we always use the corresponding version of UD
treebanks to ensure that we do not leak information across annotation versions.
’https://github.com/sigtyp/ST2024/blob/main/scoring_program_constrained.zip
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baselines reported. Therefore, the multilingual subset is limited to treebanks fulfilling the

following comparability criteria:

1. canonical train/dev/test splits are defined in UD v2.12;

2. lemmatization scores for at least one major UD pipeline baseline (Stanza and/or UD-

Pipe 2) are publicly reported under comparable evaluation assumptions;

3. the training set is sufficiently large to train character-level Seq2Seq models without

extreme instability (we exclude extremely small treebanks).

This filtered benchmark spans typologically diverse languages and includes both morpholog-
ically simpler and richer systems. It provides a broad stress test for the proposed model’s
generalization and supports later interpretation of relative strengths and weaknesses in rela-

tion to training size, morphological complexity, and orthographic stability.

7.1.5 Newly Annotated OCS Benchmark

In addition to standard benchmark datasets, this thesis evaluates lemmatization on a newly an-
notated OCS dataset constructed as part of the resource-development workflow described in
earlier chapters. This dataset is included as a dedicated robustness and adaptation benchmark,
with the goal of testing how well existing systems transfer to newly curated material that dif-
fers from standard UD resources in source composition, orthographic profile, and annotation
history.

To support controlled evaluation, the annotated OCS material was partitioned into train-
ing, development, and test sets using an approximate 80/10/10 split at the sentence level, while
preserving sentence boundaries within each source file, and sentence integrity was preserved
when available. Some dictionary-style entries were converted into CoNLL-U as single-token
sentences, and therefore, the resulting token counts are approximate. In the current version of
the dataset, this corresponds to 23,768 training tokens, 2,979 development tokens, and 2,931
test tokens. Moreover, the retrained lemmatizers rely on silver POS tags from the official
Stanza POS tagger.

Evaluation on this benchmark is performed under gold tokenization using exact-match
lemma accuracy. In addition to off-the-shelf systems, we also evaluate retrained settings in
order to distinguish zero-shot transfer from in-domain adaptation. In particular, we compare
(1) pretrained systems applied directly to the new OCS benchmark, (i1) systems retrained only
on the newly annotated OCS training split, and (iii) systems retrained on a combined training
set formed by merging the new OCS training data with the UD v2.12 OCS training data. This
design makes it possible to assess both benchmark difficulty and the value of newly annotated

in-domain supervision.
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7.2 Evaluation Metrics and Scoring Procedures

This section defines the evaluation metrics and scoring procedures used to compare the lemma-
tization systems across the experimental settings. Since the experiments include both gold-
tokenized and raw-text-to-CoNLL-U evaluation, the scoring procedure must distinguish be-
tween errors caused by lemma prediction and errors introduced by tokenization, sentence seg-
mentation, or format conversion. For gold-tokenized evaluation, the main metric is lemma-
level accuracy. For raw-text-to-CoNLL-U evaluation, we report the official Lemmas F1 score
produced by the CoNLL shared-task evaluation script, since token boundaries and alignment
may differ. For the SIGTYP 2024 experiments, we follow the official shared-task scoring
protocol based on Accuracy@1 and Accuracy@3. In addition to these aggregate metrics,
the evaluation also considers specific token subsets, including OOV and ambiguous forms, in

order to assess robustness beyond overall accuracy.

7.2.1 Lemmatization Evaluation Metrics

For experiments under gold tokenization and gold sentence segmentation, we report lemma
accuracy as the primary metric. A prediction is counted as correct if and only if the predicted
lemma string exactly matches the gold lemma string for the aligned token. Given a test set of

N tokens with gold lemmas ¢; and predicted lemmas &;, EM is defined as

N
1 ~
EM = N;H& =4} (7.1)

We adopt accuracy because, under gold tokenization and gold sentence segmentation, to-
ken boundaries are fixed and the task reduces to token-level lemma prediction. We verified
with the official CoONLL 2018 UD evaluation script that, in this token-aligned setting, lemma
precision, recall, F1, and aligned lemma accuracy are numerically the same. Therefore ac-
curacy provides the clearest and most transparent way to report lemmatization quality under
gold segmentation.

By contrast, for raw—CoNLL-U end-to-end evaluation, tokenization and sentence seg-
mentation are not fixed. In our case, this setting uses the Stanza tokenizer, while lemma
prediction is performed by OLpSLavicLEmMMA. In that setting, we report the official Lemmas
F1 score produced by the CoNLL shared-task evaluation script.

7.2.2 SIGTYP Scoring: Accuracy@1 and Accuracy@3

For the SIGTYP 2024 task, we follow the official evaluation protocol [28]. The scorer cal-
culates the Accuracy@1 and Accuracy @3 metrics, returning their unweighted mean as the
final score. Accuracy @1 requires an exact match with the top prediction, while Accuracy @3
credits a system if the lemma appears in the top three predictions. We report the final score

for the SIGTYP 2024 task as computed by the official scorer, as this ensures comparability
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with shared task participants and minimizes the risk of metric implementation differences.

7.2.3 Token-Category Analyses: Seen/OOV and Ambiguity

Aggregate accuracy may not reveal qualitatively different sources of errors. This problem is
especially prevalent in historical data, as the most common failure type may depend on the
degree of orthographic variation and the level of supervision. In order to make these effects
explicit, we provide category-based analyses on the UD test data with two different partitions

of the training data:

1. Seen vs. OOV: a token is seen if its surface form occurs at least once in training;
otherwise it is OOV. This split quantifies how much performance depends on lexical

overlap and how well the model generalizes to unseen forms.

2. Ambiguous vs. unambiguous types: a surface form type is ambiguous if it is aligned
to multiple lemma values in training; otherwise it is unambiguous. This split isolates
the effect of lemma ambiguity and probes whether context-sensitive modeling improves

disambiguation.

We compute accuracy on each subset, and the results are particularly insightful for Early
Slavic because (i) orthography increases OOV rates beyond those found in standard mod-
ern datasets, and (ii) syncretic morphology and homography create actual ambiguities even
within seen types. These subsets provide a more accurate picture of historical lemmatization

quality than overall EM analysis.
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Chapter 8
Results and Analysis

This chapter describes and analyzes the performance of OLpSLavicLEMMA on Early Slavic
UD treebanks, multilingual UD data, and historical shared task data. We also discuss ro-
bustness to spelling variation and domain adaptation, study the contribution of individual
components using ablation studies, and conduct an error analysis to determine the cause of

any remaining errors.

8.1 Main Results on Early Slavic Treebanks

First, we consider the case of Early Slavic languages, with a focus on OCS and OES. These
languages are characterized by complex inflectional morphology, significant orthographic
variation, and a lack of supervised data, which makes lemmatization particularly sensitive to
sparsity and out-of-vocabulary words. Table 8.1 reports Lemma Accuracy for gold-tokenized

experiments and official Lemmas F1 for raw—CoNLL-U end-to-end evaluation.

Table 8.1: Lemmatization performance (%) on historical Slavic UD v2.12 test sets. Gold
denotes lemma accuracy with gold tokenization, while raw denotes Lemmas F1 using the
end-to-end CoNLL-2018 evaluation script under automatic tokenization.

Language Treebank | OCS-DBA Gold Acc. Raw F1

Gold Acc. | Stanza UDPipe 2 Our model | Stanza UDPipe 2 Our model
Old Church Slavonic | PROIEL 78.19 94.75 90.19 96.38 94.65 90.18 96.30
Old East Slavic Birchbark 55.05 73.89 65.59 76.60 73.69 65.58 76.47
Old East Slavic RNC 64.65 81.64 78.28 83.04 81.04 77.22 82.58
Old East Slavic TOROT 77.87 92.82 88.14 94.52 92.79 88.09 94.47

The raw-text results are close to the gold-tokenized scores in most cases, showing that the
proposed lemmatizer remains stable when used with existing tokenizers.

The results for UD v2.12 show that OLpSLAvicLEMMA achieves the highest lemma score
on all Early Slavic treebanks. The largest gains occur under conditions with significant ortho-
graphic noise and unseen spellings, especially on OES—BircHBARK. This supports our intu-
ition that our model is helped by transducing characters given contextual information rather

than relying on stored knowledge. Our model is compared to hybrid models like Stanza [79],
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which uses both dictionary and neural approaches. Our model outperforms Stanza by being
dictionary-free and achieving good results on seen forms and better generalization on unseen

forms.

Table 8.2: Lemmatization performance (%) on Early Slavic UD v2.15 treebanks. Gold de-
notes lemma accuracy with gold tokenization, while raw denotes Lemmas F1 using the end-
to-end CoNLL-2018 evaluation script under automatic tokenization.

Language Treebank | OCS-DBA Gold Acc. Raw F1

Gold Acc. | Stanza UDPipe 2 Our model | Stanza UDPipe 2 Our model
0Old Church Slavonic | PROIEL 78.19 94.35 90.29 96.28 94.32 90.21 96.18
Old East Slavic TOROT 77.87 92.33 88.48 94.48 92.31 88.42 94.43
Old East Slavic Birchbark 55.05 74.04 65.28 75.93 73.83 65.21 75.88
Old East Slavic RNC 79.78 92.72 90.89 94.09 92.58 90.63 93.86
Old East Slavic Ruthenian 7241 89.51 82.96 91.05 89.46 82.89 91.01

In order to verify the stability of the improvement under changing annotations and re-
source revisions, we also conduct evaluation on UD v2.15, as reported in Table 8.2. The
performance is consistent: OLDSLAVICLEMMA outperforms the previous state-of-the-art tools
UDPipe 2 [90], Stanza [79], and the dictionary-based approach OCS-DBA [68] over all the
available Early Slavic treebanks. This confirms that the method is not overfitted to a spe-
cific UD release and remains stable under changes to lemma inventories and token—-lemma

alignments.

8.2 Multilingual Generalization Across UD Treebanks

Early Slavic is the primary focus of this thesis, but we also evaluate generalization beyond
Slavic to understand whether the architecture transfers to typologically diverse languages and
scripts. We report results on (i) a historical multilingual benchmark (SIGTYP 2024), and (ii)
a large comparability-oriented subset of UD v2.12 treebanks where official UDPipe 2 and

Stanza results are publicly available.

8.2.1 Historical Multilingual Benchmark (SIGTYP 2024)

The SIGTYP 2024 shared task introduced a standardized evaluation suite for ancient and his-
torical languages, derived primarily from UD v2.12, with an 80/10/10 split by sentences and
two tracks: constrained (training only on provided data) and unconstrained (allowing external
resources/pretraining) [28]. We train OLpSLAvicLEMMA under the constrained protocol and
compare against top shared-task systems including HDB-BOS [81], Team 21a [64], UDParse
[41], and TartuNLP [30].

Overall, OLpSLAvicLEMMA outperforms the strongest reported baselines on the majority
of languages in this benchmark, despite using only constrained training data, as reported in
Table 8.3. The largest gains appear in morphologically rich historical languages with non-

trivial orthographic variation (including Early Slavic, Gothic, and Sanskrit). In contrast, lan-
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Table 8.3: Lemmatization score by language and system on the SIGTYP 2024 dataset. Scores
for the four systems and baseline are taken from Table 5 of SIGTYP 2024 findings [28],
and bold indicates the best result in each row. Arrows in the last column indicate whether
our model performs better (T) or worse () than the best baseline. A shows the absolute
difference between our model and the best baseline, while (C) and (U) indicate constrained
and unconstrained protocols, respectively.

Language Baseline | HDB-BOS (C) | Team 21a (C) | UDParse (U) | TartuNLP (U) | Our Model (C) | A vs. Best
& Ancient Greek 91.06 94.08 88.30 94.02 93.39 97.81 +3.737
¢ Ancient Hebrew 95.28 97.29 61.75 96.85 98.15 99.39 +1.24 7
& Classical Chinese 98.81 99.18 99.84 99.96 99.91 97.66 -2.30]
¢ Coptic 95.74 95.07 46.32 74.78 98.28 97.80 -048 |
& Gothic 91.95 93.31 90.79 92.81 95.41 97.95 +2.54 7
& Medieval Icelandic 93.78 96.63 94.58 97.96 97.23 98.03 +0.07 7
& Classical & Late Latin | 92.08 96.00 92.35 96.74 96.99 97.94 +0.957
& Medieval Latin 97.03 98.46 97.22 98.91 98.69 99.07 +0.16 T
& Old Church Slavonic 89.60 94.49 79.59 59.56 92.70 98.03 +3.54 17
& Old East Slavic 84.44 90.09 78.44 68.55 89.23 95.22 +5.137
& Old French 91.93 92.63 83.32 92.47 95.11 97.29 +2.18 7
& Vedic Sanskrit 84.24 84.59 83.21 88.10 91.48 95.68 +4.20 7
© Old Hungarian 89.43 85.92 69.97 63.43 86.91 97.28 +7.857

guages where unconstrained transformer-based systems reach near-ceiling performance (e.g.,
Classical Chinese) remain challenging for a purely task-trained recurrent model, suggesting
that pretraining and segmentation conventions can dominate performance when labels are

abundant or the evaluation is saturated.

8.2.2 Broad UD v2.12 Multilingual Evaluation

We further evaluate on a large subset of UD v2.12 treebanks to test transfer beyond histori-
cal datasets. To ensure comparability, we include only treebanks that (i) provide canonical
train/dev/test splits, and (ii) have publicly reported UDPipe 2 and Stanza lemmatization scores
for UD v2.12 under the same evaluation conditions. This yields a broad multilingual testbed
spanning many families and scripts. Table 8.4 reports the broad UD v2.12 multilingual eval-
uation.

Across this benchmark, performance is generally competitive, and the model’s areas of
relative strength lie within historically variable and morphologically rich contexts, especially
those of Indo-European historical corpora. Degradation is seen in treebanks where (a) lemma-
tization is closely tied to pipeline-specific tokenization or segmentation choices, or (b) mor-
phology is strongly non-concatenative or templatic, allowing edit-rule systems and trans-
former pipelines to take advantage of additional information or segmentation priors. Notably,
the Early Slavic results are seen as among the strongest areas of improvement, aligning with

the thesis focus.

8.3 Robustness to Orthographic Variation and Domain Shift

A central motivation for this thesis is that historical corpora contain systematic and unsystem-
atic variation: spelling alternations, scribal conventions, diacritic usage, abbreviation marks,

and editorial normalization differences. Domain variation compounds this: formal chronicle-
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Table 8.4: Dictionary denotes lemma accuracy with gold tokenization, while raw denotes F1
score using end-to-end evaluation with automatic tokenization.

Language Treebank | Total words | Dictionary | Stanza RAW | UDPipe 2 RAW | Our RAW
Afrikaans AfriBooms 49260 94.48 98.29 98.29 97.96
Ancient Greek PROIEL 214005 89.20 97.18 94.76 98.17
Ancient Greek Perseus 202989 74.84 87.86 86.72 90.04
Ancient Hebrew PTNK 39036 87.66 92.14 67.47 91.63
Arabic PADT 282384 91.95 93.54 90.34 93.64
Armenian BSUT 41805 75.86 94.99 96.79 94.09
Armenian ArmTDP 52585 78.48 91.35 94.93 94.90
Basque bdt 121443 84.18 96.38 96.38 96.61
Belarusian HSE 305109 81.97 94.59 93.25 94.61
Bulgarian BTB 156149 88.53 97.28 98.01 97.54
Catalan AnCora 546665 96.94 99.06 99.40 99.19
Chinese (Simplified) | GSDSimp 123291 99.90 92.07 90.23 92.49
Chinese (Traditional) | gsd 123291 99.90 92.70 90.20 92.28
Classical Chinese Kyoto 433168 99.74 97.63 97.51 95.06
Coptic Scriptorium 55858 90.23 85.95 73.90 86.14
Croatian SET 199409 87.95 96.60 97.78 96.82
Czech FicTree 167056 89.28 98.32 99.29 98.37
Czech CAC 494383 89.29 97.46 99.30 97.59
Czech CLTT 36013 84.44 95.78 98.48 95.62
Czech PDT 1506486 94.05 98.73 99.38 98.71
Danish DDT 100733 90.05 97.88 97.38 96.09
Dutch Alpino 208614 90.77 95.33 94.91 94.70
Dutch Lassysmall 98107 91.64 95.86 96.18 94.96
English Atis 61879 99.39 99.65 99.63 99.57
English EWT 254819 95.15 96.63 97.26 95.69
English GUM 187416 95.92 98.22 98.84 97.56
English LinES 94217 94.79 98.26 98.33 97.80
English ParTUT 49633 94.40 97.31 98.17 97.08
French GSD 400289 95.92 98.20 97.72 97.90
French ParTUT 28576 92.93 97.35 97.89 96.58
French Rhapsodie 44242 92.90 97.74 98.19 96.37
French Sequoia 70546 94.55 98.50 98.30 97.97
French ParisStories 42795 94.55 97.66 98.02 95.94
Estonian EDT 437801 84.63 95.93 95.45 96.17
Estonian EWT 90586 80.42 90.77 93.75 91.64
Finnish FTB 159612 79.25 97.10 95.76 96.39
Finnish TDT 202192 79.12 95.98 92.11 94.98
Gothic PROIEL 55336 88.17 96.10 94.71 96.88
Greek GDT 63441 86.98 96.05 96.09 96.51
Galician CTG 138837 92.19 98.01 98.12 97.78
German GSD 292769 94.05 97.23 96.91 96.56
German HDT 3455580 95.46 98.04 97.69 95.86
Hindi HDTB 351704 95.71 96.88 98.93 98.70
Hebrew IAHLTwiki 140950 92.39 92.51 87.15 91.49
Hebrew HTB 160195 91.18 89.71 83.02 89.14
Hungarian Szeged 42032 77.70 93.81 94.89 93.90
Irish twittirish 47790 85.53 87.96 88.41 87.35
Irish IDT 115990 90.21 95.32 95.85 95.55
Icelandic GC 99611 78.35 91.06 91.64 89.17
Icelandic IcePaHC 985050 90.44 95.78 96.24 95.39
Icelandic Modern 80395 88.32 95.34 96.87 94.95
Indonesian GSD 122019 89.53 98.28 98.12 97.96
Italian postwita 124515 93.06 96.63 96.62 95.96
Italian ParTUT 55558 92.31 97.71 98.57 97.29
Italian MarkIT 40488 81.71 87.08 88.18 86.01
Italian ISDT 298337 94.93 98.23 98.68 97.99
Italian VIT 280145 94.45 98.35 98.87 97.76
Italian twittiro 29602 88.14 9291 94.57 91.50
Japanese GSD 193654 95.76 96.02 95.03 95.03
Japanese GSDLUW 150243 94.94 94.67 93.56 91.96
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Language Treebank | Total words | Dictionary | Stanza RAW | UDPipe 2 RAW | Our RAW
Korean Kaist 350090 72.73 94.10 94.18 93.45
Korean GSD 80322 71.53 93.55 93.62 93.43
Latin PROIEL 205566 88.67 96.86 96.19 96.82
Latin LLCT 242411 96.06 98.09 97.76 98.52
Latin UDante 55524 71.86 86.95 86.97 86.83
Latin ITTB 450515 96.13 99.09 99.16 98.54
Latvian LVTB 289062 85.59 96.12 96.57 96.26
Lithuanian ALKSNIS 70047 70.79 92.95 93.45 92.71
Maghrebi Arabic Arabizi 19793 50.07 51.03 50.63 52.05
Marathi UFAL 3847 81.80 82.84 84.91 76.72
Naija NSC 140818 98.68 99.14 99.33 99.26
Norwegian Bokmaal 310221 94.06 98.61 98.58 97.91
Norwegian Nynorsk 301353 93.34 97.87 98.46 97.50
Old Church Slavonic | PROIEL 198843 78.19 94.65 90.18 96.30
Old East Slavic Birchbark 27269 55.05 73.69 65.58 76.47
Old East Slavic RNC 48647 64.65 81.04 77.22 82.58
Old East Slavic TOROT 246850 77.87 92.79 88.09 94.47
Persian PerDT 501776 97.77 98.55 98.91 98.46
Persian Seraji 152920 96.83 98.18 98.26 98.00
Portuguese Bosque 227827 92.78 98.04 98.27 97.81
Portuguese CINTIL 475860 94.14 98.56 97.66 97.96
Portuguese PetroGold 250605 96.02 99.02 99.09 98.81
Pomak Philotis 86780 91.58 97.90 96.71 98.28
Polish LFG 130967 84.33 97.24 98.24 96.76
Polish PDB 350036 88.20 97.47 98.08 97.25
Romanian Nonstandard 572436 89.61 94.96 94.82 94.93
Romanian RRT 218522 89.94 97.42 98.00 97.38
Romanian simonero 146020 92.80 98.69 98.89 98.68
Russian GSD 97994 79.72 95.51 96.87 94.46
Russian Taiga 197001 82.82 94.41 94.62 93.99
Russian SynTagRus 1515683 91.73 97.65 98.19 97.46
Serbian SET 97673 86.91 96.30 97.82 96.79
Scottish Gaelic ARCOSG 89958 92.81 95.81 94.92 96.19
Spanish AnCora 559782 96.72 99.24 99.39 99.20
Spanish GSD 431584 93.29 98.42 98.58 98.20
Swedish LinES 90960 90.29 97.19 97.82 96.23
Swedish Talbanken 96820 89.32 97.92 98.17 97.20
Slovenian SSJ 267097 87.17 97.69 98.57 97.48
Slovak SNK 106097 69.31 94.08 96.51 93.97
Tamil TTB 9581 72.95 82.55 88.79 81.47
Turkish German SAGT 37227 84.48 90.24 90.80 90.42
Turkish Atis 45875 97.44 98.98 99.11 98.52
Turkish BOUN 125212 77.84 90.37 90.47 91.02
Turkish FrameNet 19221 69.67 95.16 96.39 93.39
Turkish IMST 58096 77.55 95.55 94 .46 94.96
Turkish Penn 183555 86.83 94.58 94.14 94.21
Turkish kenet 178658 80.58 93.22 93.50 93.31
Turkish Tourism 91469 96.32 98.90 98.27 99.02
Urdu UDTB 138077 94.78 95.58 97.41 97.16
Ukrainian U 122750 80.18 96.72 97.47 96.18
Uyghur UuDT 40236 64.13 95.30 94.71 95.31
Vietnamese VTB 58069 97.78 81.66 85.76 87.55
Western Armenian | ArmTDP 122907 84.99 96.70 97.14 96.61
Welsh CCG 48530 90.34 94.85 94.43 95.01
Wolof wtb 44258 91.96 94.63 95.18 94.85
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like texts differ substantially from vernacular documents and short fragments (e.g., birch-bark
letters). The OES family of treebanks provides a natural stress test: TOROT contains more
formal genres; RNC broadens domains; and BiIRcHBARK is highly informal and fragmentary.

The pattern observed in the results for Early Slavic indicates that OLpSLAVICLEMMA has
certain robustness properties in cases where there is significant orthographic drift and domain
shift, resulting in many unseen surface forms. The fact that the model is at the character
level and that the lemma generation is context-dependent means that the model generalizes
by stem and suffix alternations, as well as context-dependent disambiguation, rather than
direct coverage of the lexicon. This is consistent with the strongest relative gains appearing

in BircHBARK and other high-variation subsets.

8.3.1 Additional Evidence from Newly Annotated OCS Material

To complement the main Early Slavic experiments, we also report results on a newly annotated
OCS test set constructed during this thesis. Since the corpus construction, normalization, and
annotation workflow have already been described in previous chapters, the purpose of this
subsection is simply to show the empirical value of that effort for lemmatization evaluation.
In particular, these results test whether existing OCS lemmatizers transfer to newly prepared

material and whether the new annotations provide useful supervision for adaptation.

Table 8.5: Lemmatization accuracy on the newly annotated OCS test set. Best result in bold.

Training setting System Accuracy (%)
Pretrained Stanza 15.56
Pretrained UDPipe 2 16.27
New data Dictionary baseline 37.67
New data Stanza 51.42
New data OLbpSLAvicLEMMA 62.91
Combined data Stanza 45.92
Combined data OLbSLAvVICLEMMA 70.90

Table 8.5 shows that the newly annotated OCS material constitutes a non-trivial bench-
mark for lemmatization. The off-the-shelf systems generalize poorly to this test set: pretrained
Stanza and pretrained UDPipe 2 reach only 15.56% and 16.27% accuracy, respectively. A
simple dictionary baseline performs better, reaching 37.67%, which indicates that some de-
gree of lexical overlap is still useful, but this remains clearly below the best retrained neural
settings. When trained on the newly annotated data, OLpSLAvVICLEMMA obtains the strongest
result, reaching 62.91%), compared with 51.42% for Stanza. The best overall result is obtained
by OLbpSLavicLEMMA retrained on the combined data, which reaches 70.90%. This suggests
that the new annotations provide task-relevant supervision that is not already captured by
existing pretrained OCS models.

These results are useful for the thesis for two reasons. First, they provide direct evidence
that the annotation effort is worthwhile as an evaluation resource: if the dataset were re-

dundant with previously available OCS material, off-the-shelf systems would be expected to
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perform much better. Second, they show that newly annotated in-domain material can materi-
ally improve lemmatization performance when used for retraining, especially with OLDSLAv-
icLEmMA. The improvement obtained by retraining OLbSLAavicLEMMA on the combined data

further suggests that the new annotations complement previously available OCS resources.

8.3.2 OOV Analysis on the Newly Annotated OCS Material

To better understand why the newly annotated benchmark is difficult, we also examine out-of-
vocabulary (OOV) behavior with respect to each system’s own training vocabulary. This anal-
ysis is especially relevant for historical lemmatization, where orthographic variation, sparse

supervision, and source mismatch frequently cause errors on unseen forms.

Table 8.6: Model-centered OOV analysis on the newly annotated OCS test set under gold
tokenization. The test set contains 2,931 tokens. OOV is defined with respect to each system’s
own training vocabulary. Best OOV accuracy is shown in bold.

. . } Train (010)% Correct OOV
Training setting System tokens  tokens OO0V % 0OV Acc.
Pretrained Stanza 159,710 2,617 89.29 199 7.60
Pretrained UDPipe 2 159,710 2,617 89.29 199  7.60
New data Stanza 23,768 1,854 63.25 448 24.16
New data OldSlavicLemma 23,768 1,854 63.25 817 44.07
Combined data Stanza 183,478 1,778 60.66 252 14.17

Combined data OldSlavicLemma 183,478 1,778 60.66 1,063 59.79

The OOV analysis in Table 8.6 clarifies the difficulty of the new benchmark. For both
pretrained systems, 89.29% of the test tokens are OOV with respect to their own training
data, and OOV accuracy is only 7.60%. This helps explain the very low overall accuracy
reported above. Retraining the stanza on the newly annotated material substantially improves
OOV handling: the retrained Stanza model reaches 24.16% OOV accuracy, clearly above
both pretrained systems and above the combined-data retrained Stanza model but far below
combined-data OLpSLAavicLEMMA 59.79%. This indicates that the new dataset contributes
not only additional test material, but also lexical and orthographic evidence that is directly
useful for adaptation to unseen forms. OLbSLAvicLEMMA achieves the strongest OOV per-
formance, suggesting that its neural architecture improves generalization to unseen forms in
the newly annotated OCS material.

At the same time, the OOV results also show that unseen forms remain the main bot-
tleneck. Even after retraining, OOV accuracy remains much lower than would be desirable
for robust historical lemmatization. This supports one of the central claims of the thesis:
in Early Slavic NLP, performance is strongly conditioned on orthographic variation, dataset
mismatch, and the ability of a model to generalize beyond memorized lexical evidence.

Overall, these additional results strengthen the interpretation that the newly annotated
OCS material is a meaningful contribution to the evaluation landscape of Early Slavic lemma-
tization, precisely because it exposes generalization limits that are not visible from standard

benchmark data alone.
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For this benchmark, we compare not only off-the-shelf systems but also two retrained
Stanza and OLpSLavicLEMMA settings: one trained on the newly annotated OCS material
only, and one trained on a combined corpus formed by merging the new annotations with
the existing UD v2.12 OCS training data. This allows us to distinguish in-domain adaptation

from broader combined-resource training.

8.4 Ablation Studies

We conduct two ablation suites to isolate which design decisions contribute most to accuracy:
(1) optimizer choice and (i1) the attention components (CLMA and EDCA) layered over the
BiLSTM encoder—decoder backbone.

8.4.1 Optimizer Ablation: Adam vs. Lion

As shown in Table 8.7, Lion [20] reliably outperforms Adam [51] on all Early Slavic corpora,
with the performance improvement being particularly significant on the most difficult OES
scenario. This suggests that optimization behavior plays a significant role in low-resource his-
torical lemmatization, the high OOV rate needs to acquire strong char-level transformations

under sparse supervision.

Table 8.7: Optimizer ablation on Early Slavic treebanks (%).

Language Treebank | Adam | Lion
Old Church Slavonic | PROIEL | 95.51 |96.38
Old East Slavic Birchbark | 72.01 |76.55
Old East Slavic RNC 79.30 | 82.89
Old East Slavic TOROT | 93.39 [94.52

8.4.2 Architectural Ablation: CLMA and EDCA

As shown in Table 8.8, the removal of both attention components causes a significant per-
formance deterioration, which supports the fact that stacked recurrent layers alone are insuf-
ficient for obtaining the required long-range dependencies and for coordinating context with
lemma generation in these corpora. EDCA contributes the most to the performance enhance-
ment, which is consistent with the requirement for coordinating the encoder and decoder with

the entire serialized context window.

Table 8.8: Architectural ablation on Early Slavic UD treebanks (EM, %).

Language Treebank | baseline | baseline + CLMA | baseline + EDCA | Full Model
Old Church Slavonic | PROIEL 11.67 90.98 96.33 96.38
Old East Slavic Birchbark 2.68 72.37 76.05 76.55
Old East Slavic RNC 21.30 76.57 82.71 82.89
Old East Slavic TOROT 29.23 88.02 94.48 94.52
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CLMA provides consistent complementary benefits through the integration of lower-level
character patterns with higher-level context abstractions for improved robustness with noisy

surface forms that may be less than fully informative.

8.5 Error Analysis: OOV vs. Ambiguity vs. Seen Forms

To understand remaining errors, Table 8.9 group test tokens into three categories: (i) OOV
tokens not observed in training, (ii) Ambiguous tokens whose surface form is aligned to
multiple lemmas in training, (iii) Unambiguous seen tokens aligned to exactly one lemma in
training.

Category-level scores are computed with strict token-level exact match; unlike the offi-
cial CoNLL-2018 scorer, gold “_" lemmas are not counted as automatically correct, causing
minor effect on OES—Birchbark and OES-RNC.

Table 8.9: Error analysis by token category across treebanks UD v2.12: Our model vs Stanza
and UDPipe 2. Best in bold.

Metric OCS-PROIEL OES-Birchbark OES-RNC OES-TOROT
Our  Stanza UDPipe | Our Stanza UDPipe | Our Stanza UDPipe | Our Stanza UDPipe
OOV Total 4307 4307 4307 | 4527 4527 4527 7690 7690 7690 5962 5962 5962
OOV Correct 3774 3444 2512 | 2383 2098 1330 | 4800 4454 4003 4824 4340 2993
OOV Error 533 863 1795 | 2144 2429 3197 2890 3236 3687 1138 1622 2969
OOV Accuracy % 87.62 7996 5832 |52.64 4634 2938 | 6242 5792 52.05 | 8091 7279 50.20
Ambig Total 5176 5176 5176 | 2580 2580 2580 1980 1980 1980 9661 9661 9661
Ambig Correct 5039 5040 5049 | 2454 2466 2475 1797 1812 1798 9403 9396 9461
Ambig Error 137 136 127 126 114 105 183 168 182 258 265 200
Ambig Accuracy % 9735 9737 9755 | 9512 9558 9593 | 90.76 91.52 90.81 | 9733 9726 97.93
Unambig Total 10666 10666 10666 | 2897 2897 2897 | 11207 11207 11207 | 12255 12255 12255
Unambig Correct 10607 10608 10612 | 2821 2823 2752 | 10708 10745 10509 | 12124 12139 12117
Unambig Error 59 58 54 76 74 145 499 462 698 131 116 138
Unambig Accuracy % | 9945 9946 9949 | 9738 9745 9499 | 9555 95.88 9377 | 98.93 99.05 98.87
Overall EM % 96.38 94.75 90.19 |76.55 7384 6554 | 82.89 8148 7812 | 9452 9282 88.14
100
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Figure 8.1: Three-model comparison across treebanks for OOV accuracy.

The breakdown shows that OOV tokens dominate errors for all systems, especially in
OES datasets with high spelling variation. OLbSLAVICLEMMA achieves substantially higher

OOV accuracy than Stanza and UDPipe 2, explaining most of the overall improvements, as

73



shown in Fig. 8.1. In contrast, performance on ambiguous and unambiguous seen forms is
generally high for all methods, with smaller differences, indicating that the primary advantage
of OLbpSLAvicLEMMA lies in generalization under sparsity and orthographic variation rather

than memorization of frequent mappings.
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Chapter 9
Conclusions and Future Work

This thesis has explored lemmatization for Early Slavic texts from the perspective of end-to-
end robustness, driven by two intertwined challenges. First, there is the linguistic challenge:
Church Slavic has complex inflections, syncretisms, and lexeme changes, which increase the
variety of forms and the ambiguity of lemmas. Second, there is the representation challenge:
digital data from diverse sources has inherent instabilities in Unicode code point representa-
tion, such as PUA characters, combining characters, and font-based encodings. Such insta-
bilities can cause spurious variability, increase the risk of OOV errors, and undermine lexical
lookups. The thesis has argued that lemmatization for historical texts requires a unified view
of normalization and modeling: a representation-aware preprocessing stage that stabilizes
token representation, accompanied by a lemmatizer that generalizes over orthographic vari-
ability and domain shift with limited supervision.

The thesis has implemented this idea through: (i) a representation-aware normalization
stage for Church Slavic texts, (i) a transparent dictionary approach for evaluating the contri-
bution of lexical overlap, and (iii) a dictionary-free neural lemmatizer, OLDSLAVICLEMMA,
that generalizes over variability through character transduction conditioned on context. The
experiments on Early Slavic UD treebanks, multilingual UD corpora, and SIGTYP 2024 his-
torical test suite have revealed consistent improvements over strong baselines, with larger
margins in OOV-rich regimes where historical variability most impacts accuracy. The cen-
tral empirical finding of this thesis is that the main advantage of OLpSLAVICLEMMA does
not arise from memorization of frequent mappings, but from improved generalization to un-
seen and orthographically variable forms, which are the dominant failure mode in historical

lemmatization.

9.1 Summary of Contributions

This thesis has contributed to historical NLP for Early Slavic languages at three levels: re-
sources, methodology, and empirical evaluation.
This thesis has proposed the design and development of the standardization layer, which

is intended to address the issue of non-standard character usage, such as the use of PUA
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codes, and convert them into standardized Unicode. As such, this design is explicitly corpus-
and snapshot-aware. It is intended to address the representational noise, which affects the
statistics of the words in the vocabulary, the rates of out-of-vocabulary words, and the quality
of dictionary-based and neural approaches. As such, it confirms the contribution to the field
not only in terms of the direct application to the task of lemmatization but also in terms of
the workflow for the aggregation of corpora in the context of portals, editions, and Universal
Dependencies-like resources.

We employed a simple dictionary-based lemmatizer, which we implemented and used
as a conservative baseline to control for the impact of memorization. By adopting a most-
frequent-lemma strategy for in-vocab forms and OOV pass-through, the errors can be directly
related to coverage and lexical ambiguity, rather than modeling dynamics. The simple base-
line served a scientific function in two ways: it allowed us to generalize beyond lexical cov-
erage, and it offered a diagnostic window into the error profile of interest for Early Slavic
texts.

The most significant modeling contribution of the thesis is the character-level encoder-
decoder lemmatizer OLpDSLAVICLEMMA, which utilizes a fixed context window for condition-
ing transduction. The model combines stacked BiLSTMs, CLMA, and EDCA. The com-
bination allows for the decoder to utilize the entire serialized context for lemma generation
instead of depending on a single representation. The model is specifically designed for gener-
alization with limited supervision and orthography without depending on external resources.
The performance of the model is found to be strong on the Early Slavic UD treebanks. The
model has shown consistent improvements in the out-of-vocabulary-rich test sets, along with
competitive transfer to other multilingual/historical test cases in standardized evaluation pro-
tocols.

Finally, the thesis has contributed an evaluation framework designed to make historically
relevant error sources visible. The process is carried out under the gold tokenization scheme
to understand the behavior of lemmatization. It is evaluated using popular baselines such as
UDPipe 2 and Stanza. Category-based evaluation is also included to understand the behavior
of the model with seen and unseen words (OOV), as well as in ambiguous and unambiguous
regimes. Ablation studies on optimization and architecture components also helped to under-
stand the factors behind the improvement in low-resource history settings. These components
together provide a template to evaluate the historical lemmatizers with the focus being on ro-
bustness rather than the overall performance.

A further contribution of this thesis was the construction and validation of a newly an-
notated OCS benchmark dataset. This resource extends evaluation beyond standard UD ma-
terials and provides a more challenging testbed for robustness, adaptation, and orthographic
variability. The benchmark also offers new supervised material for future Early Slavic NLP

research.
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9.2 Answers to the Thesis Objectives

The results presented in this thesis show that the five main objectives stated in Chapter 1 were
achieved. First, the encoding-aware standardization layer demonstrated that representation-
level inconsistencies such as PUA usage can be systematically detected and normalized, im-
proving interoperability and reducing artificial variability in the data. Second, the dictionary-
based baseline provided a transparent reference point for identifying the role of lexical over-
lap, coverage limitations, and ambiguity in Early Slavic lemmatization. Third, the proposed
neural model, OLpSLAavicLEMMA, showed that character-level sequence transduction with
contextual conditioning can outperform strong baselines on Early Slavic treebanks and gener-
alize better in OOV-heavy settings. Fourth, the evaluation showed that character-level contex-
tual lemmatization improves generalization to OOV forms, orthographically variable forms,
ambiguous surface forms, and cross-domain Early Slavic material. Fifth, the newly annotated
OCS benchmark confirmed the importance of newly curated material for testing robustness

and adaptation beyond standard benchmark resources.

9.3 Limitations

Despite the thesis positive results, several limitations highlight areas for improvement.

The initial evaluations rely on UD treebanks and splits in a style similar to SIGTYP.
This standardization of tokenization and lemmas is specific in certain ways; however, these
conventions may not entirely suit the scope of Church Slavic texts and editions, in which
tokenization may not always be obvious, abbreviations may have varying expansions, and
lemma conventions may vary by tradition. The results reported here should thus be considered
robust under benchmark conventions rather than a complete assessment of all Early Slavic
editorial traditions.

A related limitation concerns annotation validation of the newly annotated OCS bench-
mark. Since the annotations were reviewed by a single expert linguistic annotator rather than
by multiple independent annotators, no formal measure of inter-annotator agreement was cal-
culated. Instead, quality assurance relied on expert review, manual correction, and a series of
structural, encoding, lemma-field, and linguistic consistency checks. Future work should in-
clude double annotation of a representative subset of the data and report an agreement metric
such as Cohen’s Kappa or Krippendorft’s Alpha.

The main experiments assume gold tokenization and sentence segmentation, although
a supplementary raw-text-to-CoNLL-U setting is also reported using the Stanza tokenizer.
This is methodologically necessary to isolate lemmatization, but it leaves open the question
of end-to-end performance on raw manuscript-derived text, where segmentation errors can
dominate. Although the thesis argues for a representation-aware pipeline, upstream segmen-
tation remains an unresolved component in the full real-world workflow.

OLbpSravicLEMMA conditions on a fixed-size window around the target token. This is

a deliberate choice to balance contextual disambiguation with data efficiency, but it may be
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insufficient for phenomena requiring broader discourse context (e.g., long-distance agreement
cues, document-level naming conventions, or rare senses that depend on topic). The model
is therefore not a general contextual language model; its context is targeted and bounded.

The proposed model is a recurrent encoder—decoder with attention rather than a pretrained
Transformer. In languages or settings where unconstrained pretrained models approach near-
ceiling performance, dictionary-free task training may be at a disadvantage. The multilingual
UD results suggest that some languages benefit strongly from pretrained representations or
from language-specific tokenization conventions, and a purely task-trained model may not
close that gap without additional sources of information.

While the standardization approach is systematic, mapping PUA code points remains a
practical maintenance burden in the presence of changing portals, font updates, and evolving
editorial practices. The approach is robust insofar as diagnostics and versioning are main-
tained, but it does not eliminate the underlying socio-technical issue that PUA practices can

change over time.

9.4 Future Directions

The results and limitations suggest several high-impact directions for extending this work,
both scientifically and practically.

One natural extension is to use a form of joint or multi-task learning for lemma gener-
ation and morphosyntactic tagging, which utilizes the cross-constraints between these two
sub-tasks. This may improve homograph and syncretic form disambiguation and could also
potentially reduce reliance on local context windows by providing explicit grammatical in-
formation. Such a framework is also consistent with the UD pipeline approach but with a
character-level transduction backbone.

The gap between constrained character-level models and unconstrained transformer-based
approaches in some languages suggests the need for exploring hybrid approaches. One such
approach is to use domain adaptive pretraining on existing Church Slavic and other Slavic lan-
guage data (even if noisy), and another is to use parameter-efficient fine-tuning (e.g., adapters
or low-rank updates) to combat overfitting on small gold data. A key methodological concern
is how to do language-specific adaptation without reintroducing instability in the representa-
tion space due to tokenization and encoding mismatches.

A promising avenue for further research is to explore the integration of lemmatization
with segmentation under noisy conditions. This includes investigating how normalization
interacts with tokenization heuristics and whether character-level models can be trained to
accommodate segmentation shifts, such as those involving punctuation, abbreviation mark-
ers, or ambiguous boundary characters. A more thorough evaluation at the end-to-end level
will be more representative of actual editorial processes and will provide a more complete
assessment of usability.

Although PUA to Unicode mapping alleviates a significant problem, historical texts also
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differ in diacritical marks, rules for abbreviation expansion, and cases of mixed-script sub-
stitutions, not all of which can be directly accounted for in terms of PUA-Unicode mappings.
Further research should involve formalizing additional normalization levels or multiple nor-
malization profiles and testing them under controlled conditions to separate linguistic varia-
tion from editorial processes.

This is because the Early Slavic setup is naturally conducive to the design and conducting
of transfer experiments. Such studies involve training on one redaction or genre and test-
ing on another, with the metadata (when available) offering direct control. They promise to
shed light on the learnability of certain aspects of orthographic variation with character-based
modeling and domains where adaptation support remains a requirement.

A further promising direction is to extend the annotation process to the realm of active
learning. It is possible to leverage the model’s errors to streamline the annotation process and
reduce costs. It can also help to expedite the creation of high-quality data for less represented
sources. Yet another direction is to leverage the model to automatically derive interpretable
data, which can be useful for supporting the work of philologists.

Future work should also include the extension of gold-standard annotation to additional
Early Slavic sources, genres, and redactions. Expanding the benchmark in a controlled and
interoperable way would make it possible to study diachronic variation, cross-redaction trans-

fer, and genre-specific robustness more systematically.

Closing Remarks

Early Slavic lemmatization stands at the intersection of low-resource learning and digital
philology, where progress depends both on representational stability and on careful evalu-
ation alongside advances in model architecture. This thesis showed that a dictionary-free
character-level model conditioned on context is not only competitive with popular baselines
in Early Slavic but also extends its scope to a wider historical period if encoding variabil-
ity is made explicit. The general significance of this research is that historical NLP should
consider normalization and modeling as a unified scientific problem. The potential of re-
search that unifies representation-aware preprocessing and improved contextualization and
end-to-end evaluation is significant for increasing the reliability of large-scale processing of

heterogeneous historical data.
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