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Abstract

We introduce the first publicly available manually annotated dataset for morphological segmentation and word-
formation analysis for Slovene, containing 1,935 words annotated by two domain experts. The dataset provides
three types of linguistic information: morphological and word-formation segments with zero-morpheme and
simplex annotations. We present a four-stage annotation approach achieving inter-annotator agreement of 86.80%
Krippendorff’s Alpha for morphological segmentation and 85.16% for word-formation segments. Computational
validation using a morphological segmentation model achieves 87.78% BPR F1 on morphological segmentation and
83.05% on word-formation segments. Despite being smaller than previous datasets derived from non-public resources,
our dataset enables high performance and supports reproducible research for morphological analysis tools for Slovene.
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1. Introduction

Slovene, a morphologically rich South Slavic lan-
guage spoken by approximately 2.5 million people,
presents challenges for Natural Language Process-
ing (NLP) due to its complex inflectional morphol-
ogy and derivational processes. Despite advances
in NLP driven by large-scale datasets, Slovene and
other morphologically rich languages with limited
labeled training data remain underserved, limiting
progress on computational modeling and linguistic
analysis.

Slovene language features six grammatical
cases, three numbers (including dual), and exten-
sive derivational morphology that produces long
words. Like other Slavic languages, Slovene is
characterized by a rich morphemic structure, which
is a result of multistage word formation (Kern, 2017).
For example, in the first stage, the adjective mlad
(young) yields the noun mladost (youth), which
in turn yields the adjective mladosten (youthful)
in the second stage, which in turn yields the noun
mladostnik (adolescent) in the third stage, which
in turn yields the possessive adjective mladost-
nikov (adolescent’s) in the fourth stage (Kern,
2024). These characteristics make morphologi-
cal analysis important for downstream NLP tasks,
while providing a case study for developing meth-
ods that generalize to other morphologically com-
plex languages.

Advances in morphological segmentation meth-
ods, from unsupervised statistical approaches
(Creutz and Lagus, 2002, 2005) to supervised mod-
els (Huang et al., 2015) and pretrained language
models (Pranjić et al., 2024), demonstrate the im-

proved performance when training data is available.
Evaluation on Slovene (Pranjić and Pollak, 2024) re-
lied on automatically generated segments from the
word-formation chains present in Slovenian Word
Family Dictionary, A Test Volume for Headwords
beginning with B (BSSJB; Stramljič Breznik, 2004).
Access constraints on this resource present chal-
lenges for independent reproduction of results.

Morphological segmentation information also im-
proves representation in large language models,
as research shows that incorporating morphologi-
cal information during pretraining improves conver-
gence and downstream performance (Hou et al.,
2023). For languages like Slovene with limited la-
beled training data, such datasets and methods
provide linguistic information and help bridge the
performance gap with high-resource languages.

The development of morphological analysis tools
for Slovene is constrained by the lack of publicly
available annotated datasets. The dataset intro-
duced with this work simultaneously captures three
dimensions of morphological analysis: (i) surface-
level morpheme segmentation, (ii) word-formation
segments reflecting derivational processes, and
(iii) simplex, corresponding base word that has
not been derived through a word-formation pro-
cess and cannot be divided into two or more
word-formation morphemes. Both morphological
and word-formation segments include ∅-morpheme
(zero-morpheme) annotations, which represent
morphemes without phonetic form that mark gram-
matical distinctions not explicitly realized in speech,
such as the absence of an inflectional suffix. A ∅-
morpheme poses a particular modelling challenge
because models must predict the absence of a
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segment rather than its presence.
For datasets in other languages, even much

more resourced than Slovene, it is rare to have both
morphological and word-formation segments with
∅-morpheme annotations, as well as simplex forms.
Previous research on automated morphological
segmentation in Slovene (Erjavec et al., 2023; Pran-
jić and Pollak, 2024) relied on the restricted BSSJB
dictionary (Stramljič Breznik, 2004), a word forma-
tion resource containing derivational chains (e.g.,
badminton → badminton-ist (‘badminton player’)
→ badmintonist-ka (‘female badminton player’));
previous work automatically generated morpholog-
ical segments from these without clearly separat-
ing word-formation from inflectional morphology.
These automatically generated segments lack man-
ual validation, making their reliability uncertain for
morphological analysis tasks. This limitation, cou-
pled with the restricted access to the resource, pre-
vents reproducible research in morphological anal-
ysis and hinders computational linguistic research
and automation for Slovene.

To address this gap, we introduce a publicly avail-
able dataset1 annotated by two domain experts,
providing word-level multidimensional morpholog-
ical annotations for Slovene, enabling computa-
tional modeling and linguistic analysis. Morpholog-
ical segmentation identifies all morphemes (includ-
ing inflectional endings), whereas word-formation
segmentation focuses only on derivational formants
used to create new words. Our dataset provides
both perspectives along with simplex annotations,
enabling rich morphological analysis of Slovene
language.

This paper makes three contributions: (1) We in-
troduce the first publicly available Slovene dataset
for morphological analysis, with multidimensional
morphological annotations, containing morphologi-
cal segments and word formation segments, both
containing ∅-morphemes, and simplex annotations
for 1,935 words. (2) We present a four-stage an-
notation approach achieving inter-annotator agree-
ment of 86.80% Krippendorff’s Alpha for morpholog-
ical segmentation and 85.16% for word formation
segments. (3) Through computational validation
of our annotations by training a morphological seg-
mentation model to probe dataset consistency and
learnability, we achieve 87.78% BPR F1 on morpho-
logical segmentation and 83.05% BPR F1 on pre-
dicting word-formation segments, improving on the
previously reported score for morphological seg-
mentation in Slovene (Pranjić and Pollak, 2024)
despite using a smaller dataset.

We organize the rest of the paper as follows. Sec-
tion 2 surveys existing resources and methods for
morphological segmentation. Section 3 describes

1The dataset is available at: http://hdl.handle.
net/11356/2060

our dataset construction methodology, annotation
procedure, and inter-annotator agreement evalua-
tion. Section 4 validates dataset consistency and
learnability through computational modeling using a
morphological segmentation model. We conclude
in Section 5 with discussion of findings and direc-
tions for future work.

2. Related Work

Baxi and Bhatt (2024) highlight the evolution from
rule-based to neural approaches in computational
morphology. Neural models achieve substantially
higher performance than traditional methods but re-
quire large annotated datasets, which creates chal-
lenges for languages with limited labeled training
data. This tension motivates specialized resources
for underserved languages.

Major multilingual resources include Uni-
Morph (Batsuren et al., 2022a), Universal
Dependencies (Nivre et al., 2020), and Mor-
phyNet (Batsuren et al., 2021), covering 169,
148, and 15 languages respectively. These
resources focus on universal patterns rather than
language-specific complexities. For Slovene, Uni-
Morph provides only basic morphological features
(grammatical case, gender, number, and part of
speech), while Universal Dependencies focuses
on syntactic annotation without morphological
segmentation.

Hämäläinen et al. (2021) present a methodology
for creating large-scale morphological datasets and
training neural models for 22 languages. Their
work covers morphological analysis, generation,
and lemmatization tasks but excludes Slovene and
does not address morphological segmentation or
word formation.

Specialized word-formation resources demon-
strate the value of dedicated derivational analysis.
DeriNet (Sevcíková and Žabokrtský, 2014; Vidra
et al., 2019) contains over 1 million Czech lexemes
with 810 thousand derivational relations using semi-
automated segmentation. By explicitly representing
how complex words are formed from simpler bases,
DeriNet enhances computational lexicons (Horen-
ovská, 2019), aids in developing more sophisticated
language technologies for Czech (Žabokrtský et al.,
2016; Musil et al., 2019), and serves as a bench-
mark for evaluating morphological and derivational
models.

Evaluation frameworks such as the SIGMOR-
PHON 2022 Shared Task (Batsuren et al., 2022b)
and Morpho Challenge (Kurimo et al., 2010) es-
tablish methodologies for morphological analy-
sis but exclude Slovene. SIGMORPHON 2022
Shared Task focuses on canonical morpheme seg-
mentation, while Morpho Challenge addresses
surface-level segmentation. Both frameworks lack
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∅-morpheme annotation and word-formation infor-
mation.

Previous work on Slovene morphology has been
constrained by resource availability. The BSSJB
derivational dictionary (Stramljič Breznik, 2004)
was previously used for surface-level morpholog-
ical segmentation (Erjavec et al., 2023; Pranjić
and Pollak, 2024). However, BSSJB is primarily
a word-formation resource without information on
morphemes. Related work derived this informa-
tion using a rule-based process without manual
verification.

The most comprehensive Slovene morphologi-
cal resource is Sloleks (Čibej et al., 2022), a ref-
erence morphological lexicon containing 365,000
entries with inflected word forms and grammatical
descriptions. Sloleks 3.0 includes morphological
patterns, accentuated word forms, and phonetic
transcriptions. Despite providing extensive inflec-
tional and grammatical features, Sloleks does not
include morpheme-level segmentation information.

Slovene resources specifically for morphologi-
cal segmentation remain limited. The only publicly
available resource we are aware of is derived from
Wiktionary and covers 68 languages (Metheniti and
Neumann, 2020). Slovene data contains informa-
tion on word lemmas, prefixes, and suffixes for only
113 words, making it insufficient for robust morpho-
logical analysis.

A more recent resource, ArboSloleks (Čibej,
2024), provides word-formation trees with pairs of
morphologically related lexemes organized around
root lexeme. However, ArboSloleks is automatically
generated from word relations data (Čibej et al.,
2024) and lacks manual verification.

Several annotation aspects remain underde-
veloped across existing resources. Explicit ∅-
morpheme annotation is rare, with most datasets
lacking this information despite its importance for
linguistic analysis (Marşan et al., 2022).

Baxi and Bhatt (2024) identify three relevant re-
search gaps: (1) focus on resource-rich languages,
(2) lack of language-specific depth for morpholog-
ically complex languages, and (3) rare datasets
combining multiple morphological dimensions. No
widely adopted dataset provides explicit surface
morpheme segmentation with ∅-morphemes, word-
formation information, and simplex annotations in
a single resource.

Our work addresses these limitations by pro-
viding the first publicly available Slovene dataset
with manually annotated morphological segments,
word-formation segments, and simplex annotations.
Unlike semi-automated approaches like DeriNet,
which does not measure annotator agreement, our
dataset creation process includes inter-annotator
agreement evaluation. In contrast to the restricted
BSSJB dictionary, our resource is publicly available

and enables reproducible research. While existing
resources cover subsets of these dimensions, none
combine all three annotation types.

Recent work in automated morphological seg-
mentation has explored pretrained language model-
based approaches. Pranjić et al. (2024) proposed
LLMSegm, a word segmentation through binary
classification of morpheme boundaries using a pre-
trained language model. The original work eval-
uated the approach on high-resource languages
like English, Finnish, and Turkish in a low-data
setting (1,000 training examples), and on low-
resource African languages in a high-data setting
(over 10,000 annotated training examples).

For Slovene specifically, Pranjić and Pollak
(2024) evaluated LLMSegm using automatically
derived morpheme segments on a dataset closer
to the high-data setting (9,883 examples). While
LLMSegm was introduced for morphological seg-
mentation, the approach can be applied to other
word segmentation tasks, making it suitable for both
morphological and word-formation segmentation.

3. Dataset construction

3.1. Data Source and Selection

We sourced our target words from Sloleks 3.0 (Čibej
et al., 2022), the reference morphological lexicon of
Slovene. From this lexicon, we randomly selected
words for manual annotation using the following
constraints:

• Removed numbers. Numerical expressions
follow morphological patterns that are not rep-
resentative of word formation processes in
Slovene, making them unsuitable for evalu-
ating morphological segmentation algorithms.

• Manually verified. Only entries that under-
went human validation were included to avoid
errors from automated lexicon generation.

• Removed proper nouns. Proper nouns and
acronyms exhibit morphological behaviors that
deviate from standard Slovene word-formation
patterns; proper nouns follow irregular declen-
sion patterns while acronyms resist morpho-
logical modification.

3.2. Annotation Task Definition
The dataset introduced with this work simultane-
ously captures three dimensions of word-level mor-
phological analysis: (i) surface-level morpheme
segmentation, (ii) word-formation segments reflect-
ing derivational processes, and (iii) simplex, cor-
responding base word that has not been derived
through a word-formation process and cannot be di-
vided into two or more word-formation morphemes.
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Word formation is the broad, overarching process
for creating new words with a derivational morphol-
ogy as a major type of word formation. Inflectional
morphology is a separate process that modifies
existing words to fit their grammatical role and is
therefore not considered a type of word formation.

Morphological and word-formation segments.
We distinguish between morphological segments
and word-formation segments. Consider the adjec-
tive nepozidan (‘not built-up’):

• Morphological: ne-po-zid-a-n-∅

• Word-formation: ne-po-zida-n

While morphological segments describe inflec-
tion, the word-formation process follows this deriva-
tional chain:

zidati → pozidati → pozidan → nepozidan
‘to build’ → ‘to build up’ → ‘built-up’ → ‘not built-up’

This illustrates how prefixation and participial
derivation interact: zidati (‘to build’) receives the
perfective prefix po- to indicate completion (to finish
building, to build up), becomes the participle pozi-
dan (‘built-up’) expressing a resultant state, and
finally receives the negative prefix ne- to form the
antonym nepozidan (‘not built-up’). This creates a
semantic chain:

process → completion → state → negation
Zero-morpheme. The ∅-morpheme (zero-

morpheme) represents a morpheme without pho-
netic form, used to represent grammatical distinc-
tions that are not explicitly marked. It can func-
tion as both morphological and word-formation mor-
pheme. For example, korak-∅ (‘a step’). The zero
morpheme here serves a dual role: (i) as an in-
flectional morpheme, nominative masculine nouns
in Slovene typically have the ∅-morpheme (con-
trast with the genitive singular form koraka, where
suffix -a appears); and (ii) as a word-formational
morpheme, because korak is derived from the verb
korakati (‘to walk in a steady manner’, ‘to march’),
and the ∅-morpheme is necessary in forming the
noun from the verb.

Simplex. A simplex represents a word that has
not been formed through a word-formation process
and therefore cannot be divided into two or more
word-formation morphemes. For example, a par-
ticiple leteč (‘flying’) has a simplex leteti (‘to fly’)
rather than let (‘the act of flying’, ‘flight’).

3.3. Annotation Methodology
Two domain experts performed all annotations.
Determining simplex words and identifying mor-
phemes in Slavic derivatives is a highly complex
linguistic task. Word formation analysis requires
identifying shared semantic components between

motivating and motivated forms, often necessitating
consultation of multiple dictionaries and etymologi-
cal resources. This process demands specialized
linguistic expertise to distinguish genuine deriva-
tional relationships from apparent morphological
similarities.

Given the complexity of simultaneously anno-
tating morphological segments, word-formation
boundaries, ∅-morphemes, and word simplexes,
this approach prioritized consistency over efficiency.
As this was our first experience with multidimen-
sional morphological annotation, the iterative struc-
ture allowed us to develop shared understanding
while learning the task. The core principles govern-
ing the annotation process are detailed in Appendix
A.

Stage 1: Calibration. We collaboratively dis-
cussed annotation of seven words during a meet-
ing to establish guidelines for compound words
and ∅-morphemes. This step established common
understanding of annotation goals.

Stage 2: Refinement. Two annotators jointly
annotated 50 words using a collaborative online
tool. The small scope enabled guideline refinement,
edge-case discussion, and collaborative error re-
duction.

Stage 3: Annotation. Each annotator indepen-
dently annotated 975 words (half of 1,950 total).
This step is intended for annotation efficiency while
building on the shared understanding from previ-
ous stages. Collaboration was still allowed, and
annotators even consulted other experts when word
origins were unclear.

Stage 4: Validation. Both annotators indepen-
dently annotated an additional set of 50 words (dif-
ferent from the Stage 2 refinement set) without col-
laboration to enable inter-annotator agreement cal-
culation.

Our dataset combines multiple annotation types.
To provide comprehensive evaluation, we validate
annotation quality through inter-annotator agree-
ment and probe dataset learnability through com-
putational modeling. First, we evaluate annotation
reliability through inter-annotator agreement using
Krippendorff’s Alpha (Krippendorff, 1970), which
provides a measure of consistency across annota-
tions. This step addresses the combination of mor-
phological and word-formation segments, which
require different linguistic expertise and annotation
decisions. Second, we validate dataset usability by
training LLMSegm as a probe to demonstrate that
the annotations are sufficiently consistent for learn-
ing the underlying segmentation information. This
computational validation confirms that our dataset
contains reliable annotations and serves as a valu-
able resource.
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3.4. Dataset Characteristics
During annotation of the last two stages, approxi-
mately 5% of words were skipped due to challenges
with the sourced data, most commonly adjectives
derived from proper nouns. Other reasons included
abbreviations, mistyped words, unknown words,
and words of unclear origin. We removed obvious
annotation errors like mistyped segments where
the original word couldn’t be reconstructed from
the annotated segments, resulting in a final dataset
of 1,935 annotated words. The domain experts
noted that annotation required significant effort and
consultation with specialists for complex cases.

The final dataset contains 1,935 annotated words
with an average length of 9.1 characters (SD = 2.7).
The dataset includes 6,457 total morphological
segments (average 3.3 morphemes per word) and
5,292 total word-formation segments (average 2.7
segments per word).

The dataset covers several word types: nouns
(54.4%), adjectives (24.7%), verbs (11.8%), ad-
verbs (8.8%), pronouns (0.2%), particles (0.1%),
and prepositions (0.1%). Discounting the re-
moved categories (numbers and proper nouns),
this distribution mostly reflects frequency patterns
in Sloleks 3.0. We analyze morphological com-
plexity through affixation patterns and compound
formation. Of the annotated words, 33.8% con-
tain prefixes, 88.0% contain suffixes, and 8.8% are
compound words.2 The prevalence of suffixation
(88.0%) reflects Slovene’s inflectional morphology,
where suffixes encode grammatical information in-
cluding case, gender, and number.

The most frequent prefixes are po- (12.1%), o-
(9.8%), ne- (8.4%), pre- (7.9%), and za- (6.2%).
These prefixes serve verbal functions, indicating
direction, aspect, completion, intensity, or nega-
tion. This distribution aligns with Slovene’s prefixal
verb system, which is central to aspect marking
and meaning derivation.

The suffix analysis shows inflectional and deriva-
tional patterns. High-frequency inflectional suffixes
include grammatical endings (-a, -o, -e, -i, -n, -ti)
that encode case, gender, number, and grammati-
cal form. Common derivational suffixes include -en
and -ost (e.g., in nerešen ‘unsolved’ and mladost
‘youth’). The average of 2.7 suffixes per word ex-
plains why the mean morpheme count exceeds 3.0,
as most Slovene words derive from a single root
modified by affixes.

This distribution provides coverage of Slovene
morphological patterns while maintaining annota-
tion complexity across linguistic phenomena. In Ta-

2Number of prefixes and suffixes is the number of
segments before, and after, the root. The root was algo-
rithmically determined by the best match with a simplex
of the word.

ble 1, we provide a sample of the data with a target
word, its segmentation to morphemes and word-
formation segments together with a ∅-morpheme,
and a simplex of the word.

3.5. Annotation Quality Evaluation

We evaluate annotation quality through inter-
annotator agreement using multiple complemen-
tary metrics. We report Krippendorff’s Alpha
(Kα) (Krippendorff, 1970) as our primary reliability
measure, alongside BPR F1 scores and accuracy
to provide task-specific evaluation.
Kα quantifies overall agreement between anno-

tators, with values ranging from −1 (systematic dis-
agreement) to 1 (perfect agreement). An Kα ≥ 0.8
indicates reliable data with good agreement, while
Kα = 0 represents chance-level agreement. For
segmentation tasks, we complement this with BPR
F1 scores, which directly measure how well an-
notators’ segment boundaries align. BPR F1 is
the standard evaluation metric for morphological
segmentation models, making it a suitable point of
comparison with inter-annotator evaluation.

The ∅-morpheme annotation agreement can be
viewed either as a task of determining whether the
∅-morpheme is present at each possible position
(comparable to segmentation evaluation), or as a
binary task that evaluates whether both annotators
placed ∅-morpheme to matching positions. While
the former approach yields a 97.78% F1-score, the
latter is consistent with the simplex evaluation. We
therefore report Kα and Accuracy for ∅-morpheme
placement and do not include F1-score in the sum-
mary of agreement results presentend in Table 2.

All annotation types achieve Kα values above
0.85, indicating high reliability. Given the small sam-
ple size (50 words, 2.5% of the dataset), we per-
formed bootstrap resampling with 10,000 iterations
to determine the stability of our IAA estimates. The
resulting narrow 95% confidence intervals (95%
CI) for Kα confirm that our inter-annotator agree-
ment is statistically reliable: morphological seg-
ments, 86.80% with 95% CI [81.39, 91.66]; word for-
mation, 85.16% [78.85, 90.90]; and simplex, 85.28%
[74.30, 93.58]. The narrow confidence intervals for
segmentation tasks reflect that agreement is calcu-
lated on boundary positions across all characters,
with the 50 words providing close to 450 individual
decision points.

Our results compare favorably with inter-
annotator agreement reported in prior work. The
only comparable study we identified is (Volodina
et al., 2021), which reports Kα in the range 87–93%
for word-formation segment annotation in Swedish.
Our Kα values (85.16% for word-formation seg-
ments) demonstrate comparable annotation quality
for Slovene, a morphologically richer language.
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Word Morpheme
segments

Word formation
segments Simplex

pisati (‘to write’) pis-a-ti pisati pisati (‘to write’)
pisatelj (‘writer’) pis-a-telj-∅ pisa-telj pisati (‘to write’)
napis (‘inscription’) na-pis-∅ na-pis-∅ pisati (‘to write’)
gledalec (‘watcher’) gled-a-lec-∅ gled-alec gledati (‘to watch’)
mizarka (‘female carpenter’) miz-ar-k-a miz-ar-ka miza (‘table’)
mizarski (‘carpenter’s’) miz-ar-sk-i miz-ar-ski miza (‘table’)
golfigrišče (‘golf course’) golf-∅-igr-išč-e golf-∅-igr-išče golf, igrati (‘golf’, ‘to play’)

Table 1: A sample of the annotated data showing target word, morphological and word formation segments,
and word simplex.

BPR F1 Accuracy Kα

Morphological segments 92.36% 64.58% 86.80%
Word formation segments 91.63% 66.67% 85.16%
Simplex – 85.42% 85.28%
∅–morpheme – 97.92% 95.86%

Table 2: Inter-annotator agreement across annotation types.

4. Dataset Validation via Automatic
Segmentation

We validate dataset consistency and learnability by
training LLMSegm (Pranjić et al., 2024), a method
that adapts pretrained language models for word
segmentation tasks. LLMSegm is well-suited for
our low-data regime, as it demonstrates strong per-
formance even with limited training examples by
leveraging knowledge from pretrained language
models. In this work, LLMSegm serves as a probe
to determine whether our annotations are suffi-
ciently consistent for computational learning. We
evaluate on both morphological and word-formation
segmentation using 1,935 annotated examples,
comparable to the low-data setting in prior work.

4.1. Evaluation Metrics
We evaluate morphological and word-formation
segmentation using two complementary ap-
proaches. Boundary Precision, Recall, and F1-
score (BPR) measures the correctness of seg-
ment boundaries, while Accuracy measures exact
matches of complete word segmentations. These
metrics align with standard evaluation practices in
related work, enabling direct comparison with prior
work.

Our dataset includes morphological and word-
formation segments, both containing ∅-morpheme
information, which makes direct comparison with
existing morphological segmentation resources dif-
ficult. We report evaluation metrics on segmenta-
tion modelling without accounting for ∅-morphemes
to enable comparison with prior work.

For morphological and word-formation segmen-
tation, we use both BPR F1 and Accuracy metrics

to evaluate computational performance. For word
simplex identification and ∅-morpheme annotation
(for both segmentation types), we evaluate annota-
tion quality only through inter-annotator agreement
using Kα and Accuracy (see Table 2), as these an-
notations are primarily used for linguistic analysis
rather than as downstream task targets.

Given a predicted segmentation Spred =
{p1, p2, . . . , pn} and a gold segmentation Sgold =
{g1, g2, . . . , gm}, where each pi and gj represents
a segment, we define boundary positions (bk,k+1)
as the position between subsequent segments. Let
Bpred be the set of boundary positions in the pre-
dicted segmentation and Bgold be the set of bound-
ary positions in the gold segmentation. We calcu-
late the metrics as:

Precision =
|Bpred ∩Bgold|

|Bpred|
(1)

Recall = |Bpred ∩Bgold|
|Bgold|

(2)

F1 = 2 · Precision · Recall
Precision + Recall (3)

For morphological and word-formation segmen-
tation, we also evaluate word-level accuracy as
exact match between predicted and gold segmenta-
tions. Given a set of W words, accuracy is defined
as the proportion of words where the predicted
segmentation Spred exactly matches the gold seg-
mentation Sgold (all segments are identical):

Accuracy =
|{i ∈ {1, . . . ,W} : S

(i)
pred = S

(i)
gold}|

W
(4)
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4.2. Experimental Setup
Our approach follows the LLMSegm ap-
proach (Pranjić et al., 2024), adapting the
binary classification formulation for morphological
and word-formation segmentation tasks. For each
word, the model predicts whether a boundary
exists for each possible boundary position and
outputs binary decisions that are reconstructed to
form the complete word segmentation. Following
LLMSegm, we use cross-entropy loss with class
weighting to address class imbalance. We modify
LLMSegm approach by incorporating label smooth-
ing (Szegedy et al., 2015) during loss calculation,
tuned via hyperparameter optimization. Label
smoothing serves as a regularization technique
that prevents overfitting of the model on our small
dataset by encouraging less confident predictions.

4.2.1. Evaluation Strategy

We use holdout test set approach to ensure unbi-
ased performance evaluation. We extract 10% of
the data as a holdout test set using a fixed random
seed (42) for reproducibility. The remaining 90%
constitutes the training and validation data, which
is further split into 90% training and 10% validation
portions for hyperparameter optimization. The hold-
out test set is used exactly once for final evaluation
after hyperparameter optimization is complete.

4.2.2. Hyperparameter Optimization

We use Optuna (Akiba et al., 2019) with a Tree-
structured Parzen Estimator (TPE) sampler for hy-
perparameter tuning, which efficiently explores the
hyperparameter space by modeling the relation-
ship between hyperparameters and BPR F1-score
on validation data. The search space includes
model selection among three pretrained language
models: SloBERTa (Ulčar and Robnik-Šikonja,
2021) – a monolingual Slovene BERT, CroSlo-
EngualBERT (Ulčar and Robnik-Šikonja, 2020) –
a Croatian-Slovene-English trilingual BERT, and
Glot500 (ImaniGooghari et al., 2023) – a multilin-
gual model supporting over 500 languages includ-
ing Slovene. Additionally, we tune learning rate
(1× 10−5 to 5× 10−5), batch size ({64, 128, 256}),
weight decay (1×10−4 to 0.1), and label smoothing
(0.0 to 0.2) parameter used in loss calculation.

The training uses the AdamW opti-
mizer (Loshchilov and Hutter, 2017) with weight
decay regularization and a learning rate schedule
with linear warmup for 300 steps. We use early
stopping with patience of 10 epochs, monitoring
BPR F1 score on validation data. The maximum
number of epochs is fixed at 40, with gradient norm
clipping at 1.0 for training stability. We conduct 100
trials per task with the optimization objective to

maximize BPR F1 score on validation data. Table
3 summarizes the optimal hyperparameters found
for each task.

4.3. Results
Table 4 presents the results of LLMSegm using the
monolingual SloBERTa model, which achieved the
best performance among the evaluated models.

The results demonstrate that our dataset sup-
ports effective learning of both morphological
and word-formation segmentation. LLMSegm
achieves 87.78% BPR F1 on morphological seg-
mentation and 83.05% on word-formation seg-
ments. The higher label smoothing requirement for
word-formation segmentation (0.086) compared to
morphological segmentation (0.023) may indicate
greater annotation noise or task difficulty, which
aligns with the lower inter-annotator agreement ob-
served for word-formation segments (85.16% vs.
86.80% Kα), though the difference is small and
potentially insignificant. Although learning rate is
comparable between two tasks, word-formation
segmentation task has much higher weight decay
(2.77×10−3 vs. 3.8×10−4) supporting the hypothe-
sis that word formation requires more regularization
during training.

Among published results on Slovene morpho-
logical segmentation, Pranjić and Pollak (2024) re-
ported the highest score with a BPR F1-score of
85.42%. Although those results were evaluated on
private data, the resource used to construct the
data contains word-formation chains rather than
true morphological segmentation annotations, and
the dataset was automatically generated with a
rule-based system without manual verification. Our
dataset is smaller (1,935 words vs. 9,883 in BSSJB)
yet reaches 87.78% BPR F1 score, demonstrat-
ing the quality of our manually annotated dataset.
The dataset’s public availability also ensures repro-
ducibility and enables result refinement.

5. Conclusion and Future work

In this study, we present a dataset for morphologi-
cal segmentation and word formation in Slovene,
addressing a gap in Slovene NLP resources. The
complexity of Slovene’s morphology presents chal-
lenges in creating datasets that capture this infor-
mation, making this dataset a valuable resource for
NLP research. We report annotation consistency
with Krippendorff’s Alpha inter-annotator agree-
ment of 86.80% for morphological segmentation
and 85.16% for word-formation segments. This
measure indicates high consistency and quality of
annotations, which form the foundation for train-
ing models in morphological and word-formation
segmentation.



1788

Hyperparameter Morphological segments Word formation segments

Model SloBERTa SloBERTa
Batch size 128 128
Learning rate 4.36× 10−5 3.05× 10−5

Weight decay 3.80× 10−4 2.77× 10−3

Label smoothing 0.023 0.086

Table 3: Optimal hyperparameters for morphological and word-formation segmentation tasks.

Precision Recall BPR F1 Accuracy
Morphological segments 87.24% 88.32% 87.78% 53.61%
Word formation segments 82.80% 83.29% 83.05% 52.58%

Table 4: Performance of LLMSegm on our dataset using a two-phase holdout evaluation with a monolingual
SloBERTa model.

Our four-stage annotation approach may appear
cautious due to prioritizing consistency over effi-
ciency. Each stage served as a quality assurance
measure and a learning opportunity, allowing us
to develop shared understanding. The high inter-
annotator agreement demonstrates that this ap-
proach ensured dataset quality despite our initial
learning curve.

The Kα calculated on our data is a lower bound
of inter-annotator agreement due annotators collab-
orating on examples where they were unsure how
to segment the target word. Examples used for Kα

calculation were annotated without collaboration,
making annotation disagreement more likely.

Our LLMSegm experiments validate data consis-
tency and learnability, reaching 87.78% and 83.05%
BPR F1-score on morphological segmentation and
word-formation segments, respectively, using held-
out data. This demonstrates that our dataset is suf-
ficiently consistently annotated for computational
learning and provides a base for achieving a good
performance in NLP tasks.

We argue that a corpus of 1,935 words provides
a sufficient basis for the current task. While mod-
els like Chipmunk (Cotterell et al., 2015) achieve
results on Finnish (88.46%) and Turkish (82.17%)
(see Pranjić et al., 2024) by incorporating external
linguistic features such as spellchecker data and
prefix lists, our approach achieves a comparable
accuracy of 87.78% using only the provided dataset.
This performance also aligns with or exceeds re-
sults reported by LLMSegm (Pranjić et al., 2024) on
Finnish (84.44%) and Turkish (87.69%), which use
training sets roughly half the size of ours. These
results suggest that our corpus is large enough
to capture the necessary morphological general-
izations without requiring supplementary external
resources.

While the results are promising, there are ar-
eas for improvement. The performance indicates
that certain word types or morphological structures

pose challenges, warranting exploration. As pro-
posed by Pranjić et al. (2024), the trained model
could be probed for likelihood of segmenting differ-
ent affixes to inform this exploration.

Regarding practical deployment of models
trained on this data in real-world applications, to-
kens excluded from our analysis (proper nouns,
acronyms, typos) require specific handling strate-
gies. We recommend a pipeline approach where
such tokens are detected via Named Entity Recog-
nition (NER) or normalization tools (such as
spellcheckers) and processed separately, allow-
ing the segmentation model to focus on productive
morphological and word-formation patterns.

We measured inter-annotator agreement on ∅-
morpheme placement and word simplex, without
computational evaluation of machine learning tasks
using this information, leaving this for future work.

In future work we plan to explore several research
directions. First, we will use the dataset with gener-
ative large language models in in-context learning
settings to evaluate the performance of morpholog-
ical segmentation with minimal examples. We also
plan to investigate the potential of morphological
segmentation for improving LLM training by replac-
ing default tokenizers with morphologically-aware
alternatives, following the work by Hou et al. (2023).

Second, we will leverage our annotated resource
for detection of word-formation chains, which could
enable computational analysis of derivational rela-
tionships in Slovene. This could support applica-
tions in etymology, lexical semantics, and language
learning.

Third, we will explore applications in diachronic
semantic change research. Current approaches
represent word meaning as averages of subtoken
embeddings (Giulianelli et al., 2020), but we hypoth-
esize that morphologically-aware subtokens could
improve temporal semantic analysis by preserving
meaningful morphological boundaries.

Finally, we aim to expand the dataset to include
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more diverse morphological patterns, as well as de-
velop integrated models that simultaneously handle
all annotation types including simplex identification
and ∅-morpheme prediction.

6. Limitations

Our work has several limitations. First, the dataset
contains 1,935 words, which is smaller than typi-
cal morphological segmentation datasets. While
sufficient for initial evaluation, this size limits the ef-
fectiveness of data-intensive approaches like deep
neural networks and does not capture the full diver-
sity of Slovene morphological patterns.

Second, our dataset coverage has specific gaps.
We focus on entries from Sloleks, which introduces
frequency bias toward more common words and
word types, under-representing rare morphological
patterns. Additionally, we exclude proper nouns
and numerical expressions.

Third, our computational experiments focus on
morphological and word-formation segmentation,
but do not incorporate simplex and ∅-morpheme
prediction for both segmentation types into the mod-
eling framework. The evaluation framework also
excludes ∅-morphemes from segmentation metrics
to enable comparison with prior work.

7. Ethics Statement

The research involves minimal ethical risk. We
source all words from the publicly available lexi-
cal database, containing standard Slovene vocabu-
lary. Our dataset supports research on Slovene, a
morphologically rich language with limited labeled
training data for morphological segmentation, con-
tributing to linguistic diversity in NLP.
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A. Core Annotation Principles

Given the morphological complexity of Slovene, the
annotation process relied on specialized linguistic
expertise in Slavic word formation. The core princi-
ples governing the annotation process are outlined
below.

A.1. Verification Process
Determining simplex words and identifying mor-
phemes in Slavic derivatives requires fine-grained
linguistic judgement. To resolve ambiguities, ver-
ify semantic components, and confirm etymologi-
cal roots, we systematically consulted established
standard dictionaries, primarily the Dictionary of the
Standard Slovenian Language (SSKJ; Bajec et al.,
2019), the Slovenian Normative Guide (SP 2001;
Dular et al., 2019), and the Lexicon of the Slove-
nian Language (BSJ; Šircelj-Žnidaršič et al., 1998).
For deeper historical context, we cross-referenced
a specialized etymological dictionary (Snoj, 2016).

To establish robust structural rules and resolve
opaque etymological edge cases (such as historical
loan-translations), we also consulted specialized
historical Slovenian dictionaries alongside estab-
lished morphemic, word-family, and comparative
Slavic frameworks for other relevant languages.

A.2. Word-Formation and Simplex
Identification

The fundamental organizing principle of the dataset
is the synchronic relationship between the motivat-

ing (base) word and the motivated (derived) word.
The identification of word-formation segments and
simplex forms followed these rules:

• Simplex: The derivational chain strictly begins
with a simplex (a non-derived base word) that
serves as the root for subsequent derivatives.

• Semantic Criteria: When the derivational re-
lationship is ambiguous, semantic criteria de-
termine the segmentation. Boundaries are
placed only where a clear semantic relation-
ship and derivational process can be estab-
lished between the motivating and motivated
words.

• Multi-Stage Derivation: Derivatives are an-
alyzed through their intermediate motivating
forms. For example, a word like nepozidan
(‘not built-up’) is analyzed through its deriva-
tional stages (zidati ‘to build’ → pozidati ‘to
build up’ → pozidan ‘built-up’).

• Segmentation Granularity: Word-formation
segmentation groups affixes into functional
units based on how the word was derived.
Grammatical elements added in a single
derivational step are kept together as one seg-
ment. For example, in the noun izpuhtevanje
(‘evaporation’), the entire suffix -anje is treated
as a single derivational unit (i.e., iz-puh-t-ev-
anje).

A.3. Morphological Segmentation
While word-formation segmentation isolates deriva-
tional formants, morphological segmentation de-
composes words into their smallest grammatical
units, including inflectional morphology.

• Inflectional Boundaries: After establishing
the derivational stem, we separate it from all
inflectional affixes (such as suffixes encoding
case, gender, number, or verbal aspect).

• Verbal Paradigms: The verbal theme vowel
and infinitive marker are segmented from the
root (e.g., zid-a-ti ‘to build’).

• Segmentation Granularity: In contrast to
word-formation segmentation, morphological
segmentation isolates the smallest possible
grammatical and inflectional units. Complex
suffixes are fully decomposed into their con-
stituent parts, regardless of the derivational
process. For example, in the noun izpuhte-
vanje (‘evaporation’), word-formation treats the
suffix -anje as a single unit, but morphological
segmentation breaks it down into the thematic
vowel -a-, the noun-forming suffix -nj-, and the
neuter nominative ending -e (resulting in iz-
puh-t-ev-a-nj-e).

http://hdl.handle.net/11356/1745
http://hdl.handle.net/11356/1561
http://hdl.handle.net/11356/1561
http://www.fran.si/193/marko-snoj-slovenski-etimoloski-slovar
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A.4. The ∅-Morpheme (Zero-Morpheme)
Because the ∅-morpheme represents a morpheme
without phonetic form, it requires specific annota-
tion rules across both segmentation tasks:

• Inflectional ∅-Morphemes (Morphological
Segmentation): We insert a ∅-morpheme to
denote an empty morphological slot within an
inflectional paradigm. A common example
is the nominative singular form of masculine
nouns (e.g., korak-∅ ‘a step’, compared to the
genitive singular korak-a ‘of a step’).

• Derivational ∅-Morphemes (Word-
Formation): The ∅-morpheme also acts as
a word-formational marker indicating zero-
derivation, where a new word is formed from a
base without an overt affix. For example, the
noun korak (‘a step’) is derived from the verb
korakati (‘to step’) via a ∅-morpheme.

• Structural ∅-Morphemes (Compounding):
When two roots are joined in a compound word
without an overt linking vowel (an interfix like
-o-), we insert a ∅-morpheme to structurally
represent the required compounding boundary
(e.g., trikolesen ‘three-wheeled’, from tri ‘three’
+ kolo ‘wheel’, segmented as tri-∅-kol-es-en-∅).

A.5. Specific Relational Rules
To ensure consistency across the dataset, we ap-
plied specific relational rules to common morpho-
logical patterns and edge cases:

• Stem Extensions and Allomorphy: When
derivational processes force a root to take on
an oblique or extended form (an allomorph),
we link the derivative back to the base simplex
but segment the extended stem. For exam-
ple, words derived from dan (‘day’) use the
oblique stem dnev- (from the genitive dneva);
thus, osemdneven (‘eight-day’) is mapped to
the simplex dan but segmented structurally as
osem-∅-dnev-en-∅. Similarly, kolesarski (‘cy-
cling’, adjective) maps to the simplex kolo (‘bi-
cycle’) but is segmented using the extended
stem koles-ar-ski.

• Sciences and Experts: When establishing
the relation between a field of study and an
expert, the expert is consistently morphemized
as a derivative of the science (e.g., ornitologija
‘ornithology’ → ornitolog-∅ ‘ornithologist’).

• Feminatives: Terms for female persons or
animals are structurally treated as derivatives
formed from their male counterparts (e.g., ge-
nealog ‘genealogist’ → genealog-inj-a ‘female
genealogist’).

• Morphemic Nodes: When two elements
merge with phonological alternations, the mor-
phemic boundary is generally placed to pre-
serve the underlying root (e.g., siromak- ‘poor
person’ + -stvo becomes siromaš-tvo ‘poverty’,
recognizing the consonant shift).

• Hypothetical Words: If a motivating word
is not found in standard dictionaries but a
derivative exists, a hypothetical intermediate
derivative is assumed to maintain the logi-
cal structural link. For example, the adverb
neprenehoma (‘incessantly’) is segmented as
derived from a hypothetical positive intermedi-
ate (prenehoma), maintaining the derivational
chain back to the simplex nehati (‘to stop’).

• Compound Words: Multi-root words (com-
pounds) are treated as having multiple motivat-
ing simplexes and are segmented accordingly.
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