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Abstract
We present the largest multilingual experiment to date on word-to-morph segmentation, covering 58 typologically
diverse languages. We describe a newly compiled collection of linguistically annotated resources for the task,
providing broad coverage and enabling systematic cross-lingual evaluation. Second, we train two neural models
on surface morphological segmentation, achieving 81% average word accuracy on the original datasets, slightly
outperforming previous methods. Experiments on custom test sets reveal substantial variation in performance,
highlighting the need for further harmonization and more robust multilingual approaches.
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1. Introduction
Morph segmentation provides a practical intermedi-
ate layer between raw word forms and higher-level
linguistic annotation. By dividing words into smaller
meaning-bearing units, it can help reduce data spar-
sity, especially in morphologically rich languages
(which can improve e.g. machine translation in
low-resource settings (Mager et al., 2022)), and
make patterns of inflection and derivation more
transparent in structured datasets (as seenin e.g.
(McCarthy et al., 2020)). Typically, morphological
structure implicitly affects how lexical resources
are organized, how annotations are aligned across
tools and languages, and how systems are evalu-
ated. Making word-internal structure explicit and
cross-linguistically analyzable can therefore sup-
port clearer annotation guidelines, more controlled
comparisons between approaches, and also pro-
vide valuable insights into language evolution, in-
cluding phenomena arising from language contact.
In some settings, morphological segmentation has
proved to improve performance on downstream
task, especially for low-resource languages.
Previous research, with the SIGMORPHON 2022
Shared Task on Morpheme Segmentation (Bat-
suren et al., 2022) being one of the most ambitious
collective efforts, has still covered only a limited
range of typologically diverse languages, which re-
stricts the generalizability of its findings. Studying
word-internal morphological segmentation across
many languages is therefore important, as mor-
phological systems differ substantially in structure
and transparency. Truly polysynthetic or strongly
introflexive languages remain largely beyond the
current empirical scope and represent a longer-
term goal, but even broadening coverage toward
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more agglutinative and fusional languages already
should facilitate more robust evaluation, clearer
identification of language-specific biases, and more
broadly applicable modeling assumptions.

Although a multilingual perspective on segmen-
tation is essential, advancement in the field is con-
strained by the fragmented and inconsistently an-
notated landscape of available morphological data.
Data resources existing for individual languages
vary widely in format, annotation guidelines, size,
and quality, making cross-linguistic comparisons
difficult and inconsistent. To enable robust evalua-
tion, reproducible research, and meaningful bench-
marking, there is a pressing need for standardized,
harmonized, and high-quality morphologically seg-
mented datasets that can be applied consistently
across languages and systems. Our goal is to bring
the world of morphological segmentation closer to
the level of standardization and interoperability al-
ready achieved in the dependency syntax commu-
nity through Universal Dependencies (de Marneffe
et al,, 2021).

Our long-term research questions focus on how
to represent word-internal structure consistently
across typologically diverse languages and how
to standardize datasets and annotation practices to
enable robust cross-linguistic evaluation, as well as
how to develop systems that can perform this seg-
mentation automatically. Looking further ahead, we
aim to connect morph segmentation with other lin-
guistic layers, explore typological effects on model
performance, and establish benchmarks and met-
rics that support reproducible and comparable re-
sults.

The remainder of the paper is organized as fol-
lows. Section 2 summarized related work. Sec-
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tion 3 describes the data collection that we use
in our experiments. Section 4 details the evalua-
tion setup. Section 5 presents the modeling ap-
proaches and experimental results, which are fur-
ther interpreted in Section 6. Section 7 concludes
and presents future work.

2. Basic notions and Related work

As noted by Haspelmath (2020), the notion of mor-
pheme is subject to considerable terminological
ambiguity in linguistics. In this work, we adopt the
following distinction. A morpheme is an abstract lin-
guistic unit defined as the smallest unit of language
that carries semantic or grammatical function. A
morph, by contrast, is the concrete realization of a
morpheme in actual language use, i.e., a specific
phonological or orthographic form that instantiates
a given morpheme.

Morphs may constitute entire words (e.g. house,
consisting of a single root morph), or they may form
parts of more complex words (e.g. un+kind+ness,
which contains three morphs). The central ele-
ment of a word is the root morphs, conveying its
core lexical meaning. Additional morphs, if present,
are classified relative to the root. A root may be
preceded by one or more prefixes (e.g. un- in
un+kind), and followed by one or more suffixes
(e.g. -ness in kind+ness). A suffix expressing inflec-
tional categories such as number or tense (e.g. -ed
in walk+ed) is often referred to as an ending. In
compounds containing multiple roots, linking ele-
ments or interfixes may appear between the roots
(e.q. speed+o+meter).

The term morph has been used in linguistics for
less than a century. Although early attempts at a
rigorous delimitation of the morpheme date back at
least to the 1940s (Hockett, 1947), the notions of
morph and morpheme are still frequently employed
only implicitly and informally in linguistic practice.
Nevertheless, there exist numerous attempts at
lexicographic description of the morphemic struc-
ture of words in individual languages over the past
decades, though these efforts remain largely iso-
lated. Somewhat surprisingly, even though mor-
phology is often considered a lower level of abstrac-
tion compared to syntax, there is still no de facto
standard for morphological segmentation compa-
rable, in terms of both community size and cover-
age of languages, to the Universal Dependencies
project in syntax (de Marneffe et al., 2021). A few
multilingual harmonization initiatives have emerged
in the last decade, such as the UniMorph collection
(McCarthy et al., 2020), the UniSegments collection
(Zabokrtsky et al., 2022), and the SIGMORPHON
2022 Shared Task on Morpheme Segmentation
(Batsuren et al., 2022), but these resources remain
considerably smaller, providing complete morpho-
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logical segmentation for samples of words for 14,
32, and 9 languages, respectively.

Approaches to automatic morphological segmen-
tation closely mirror the broader development of
NLP. Focusing first on methods aimed at produc-
ing linguistically interpretable divisions of words
into smaller units, the earliest approaches were
rule-based (Klenk and Langer, 1989), followed by
supervised machine learning methods (Na, 2015),
and more recently by deep learning sequence la-
beling techniques (Girrbach, 2022) and large lan-
guage models (Pranji¢ et al., 2024). In parallel,
unsupervised segmentation has been an important
research line, with Morfessor (Creutz and Lagus,
2005) as its most widely known representative; how-
ever, the resulting segmentations are typically of
limited linguistic interpretability.

With the rise of deep learning as the dominant
paradigm in NLP, the need to segment words into
shorter units emerged rapidly. This was driven not
by linguistic concerns, but by a practical technical
constraint: the input layer of neural networks can-
not feasibly accommodate the full vocabulary of a
language. These shorter units, referred to as sub-
words (Sennrich et al., 2016), do not correspond
to morphs or morphemes, yet subword segmenta-
tion methods are frequently used as baselines in
morphologically informed NLP research.

Evaluating morphological segmentation is chal-
lenging due to the inherently ambiguous nature of
morphemes and the variety of possible segmen-
tation schemes. Commonly used metrics include
precision, recall, and F1-score at the morph bound-
ary level, which measure how well predicted bound-
aries match a gold-standard segmentation (Creutz
and Lagus, 2005; Narasimhan et al., 2015). An-
other common approach is word-level accuracy,
which requires the entire word to be segmented cor-
rectly, providing a stricter measure of performance
(Batsuren et al., 2022). In multilingual settings, eval-
uation is often complicated by the heterogeneity
of annotation schemes across languages, differing
tokenization conventions, and the presence of al-
lomorphy or non-concatenative morphology. Fully
capturing linguistic validity remains an open chal-
lenge.

3. Data Collection

This section describes a newly compiled collection
of diverse language resources relevant to morpho-
logical segmentation. The collection makes use of
the harmonization annotation scheme of UniSeg-
ments 1.0 (Zabokrtsky et al., 2022), and reuses
some of its data components too (after a revision).
Compared to UniSegments 1.0, the expanded col-
lection covers nearly twice as many languages. A
subset of the current collection — comprising only



converted resources whose original licenses per-
mit modification and redistribution — is now publicly
available as UniSegments 1.5 (John et al., 2026).

Table 1 summarizes all integrated resources (in-
cluding those that we cannot distribute further)
along with their main qualitative and quantitative
properties. The original datasets differ along mul-
tiple dimensions, some of which are described in
the following paragraphs.

The collected resources reflect the landscape of
modern morphological research, bridging the gap
between small-scale, linguistically grounded “gold”
data and large-scale, automatically generated “sil-
ver” and “bronze” datasets. This collection encom-
passes scripts as diverse as Malayalam, Greek,
and Kaniji, with a primary objective of maximizing
the volume of fully segmented data. Within this
framework, resources providing segmentation for
roots, inflections, and derivations are categorized
as Complete. Conversely, those where the stem
remains unsegmented are designated as Partial.
These partial resources typically feature a single
segmentation boundary per word, usually distin-
guishing between the stem and its inflectional or
derivational affixes. While the granularity of seg-
ment labeling varies significantly across the collec-
tion, most labeled resources identify at least the
prefix, suffix, and root, though a substantial portion
remains unlabeled.

Data quality is largely a function of the segmen-
tation methodology. Manual segmentation serves
as the gold standard, whereas automatic methods,
while more scalable, frequently introduce noise. To
mitigate this, many resources in this set were ei-
ther automatically generated and human-verified or
developed through rule-based methods to ensure
cross-linguistic consistency. Notably, 55 resources
contain manual annotations, 15 of which originate
from Metamorphosis, a newly developed manually
annotated dataset. These expert-led approaches
generally yield higher-fidelity data than unsuper-
vised or semi-supervised machine learning models.
Consequently, the collection as a whole represents
a strategic trade-off between high-volume noisy
data and high-quality, small-scale datasets, with
resource sizes ranging from 200 to over 740,000
wordforms or lemmas.

The final corpus comprises 85 resources cov-
ering 58 languages from 14 language families, in-
cluding Niger-Congo, Indo-European, Uralic, Tur-
kic, and Austronesian. While the set spans four
continents, there is a recognized geographic imbal-
ance: North and South American languages are
absent, and African and Asian languages are un-
derrepresented relative to European ones. Further-
more, while 20 distinct scripts are represented, five
resources have been transliterated into the Latin
alphabet, a process that may obscure native ortho-
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graphic cues essential for morphological analysis.

This diverse linguistic composition enables a
granular analysis of morphological systems across
the typological spectrum. This ranges from the
strictly isolating profile of Mandarin Chinese to
the extreme polysynthetic complexity of Adyghe.
The dataset further represents fusional structures
through Latin, Czech, and Greek, alongside the
highly productive agglutinating systems of Turkish,
Hungarian, and Korean. Beyond broad typological
classification, the collection captures specialized
morphological processes: Amharic provides a case
study for non-concatenative (root-and-pattern) mor-
phology, while Indonesian, Tagalog, Swahili, Zulu,
Xhosa, and Hindi illustrate diverse reduplicative
patterns. Furthermore, extensive compounding is
evident in the Germanic and Uralic families, as well
as Chinese, while the inclusion of the Romance
group and Modern Greek facilitates the study of
cliticization.

4. Evaluation strategies

Although superficially harmonized, the resources
differ in several important respects. Firstly, some
of the datasets cover only a highly specific part
of lexicon (e.g. SlavickovaDict or CroDeriV cov-
ers only verb infinitives). Hence, it is unclear how
models trained on such data would behave on a
more representative sample. In the resources, that
were not originally developed for morphological seg-
mentation (e.g. DerlvaTario for word formation or
Uniparser for morphological analysis), the quality
of the segmentation varies both in and across the
resources. For example, in DerlvaTario, the infini-
tives are usually not segmented, because they are
often regarded as the unmotivated words. Further-
more, for some of the languages, we have only
resources with partial segmentation. Most of the
resources are segmented wordlists, often without
any further annotation. As a result, we did not
attempt to resolve differences in segmentation be-
tween homonyms. Since we aim for broad cover-
age, we have used all of the resources irrespective
of their overall quality. In this section, we describe
issues this causes for evaluation of the automatic
segmenters, evaluation strategies we have adopted
to mitigate them, and the limitations this imposes
on the interpretation of the results.

As a result of the widely differing quality of the
resources, evaluating the automatic segmentation
on a test set sampled from the same resource as
the train set is problematic. The metrics can de-
volve to mere consistency of the automatic seg-
mentation with the resource, rather than actual
quality of segmentation. It is unclear how well
such results approximate the performance on com-
plete segmentation of arbitrary words. For exam-



Avg Avg Avg

ISO Family Resource Name Script Count Meth. C/P Cat. M/W M.Len W.Len Reference

ady NWC  MorphAGram Cyrillic 999 A+H C - 5,92 2.08 12.30 (Eskander etal., 2020)

aka NC LDC_RLP Latin 2047 A+R C - 238 228 5.44 (Tracey and Strassel, 2020)
amh AA Ambharic LatinT 135184 M C R 3.75 245 9.21 (Yeshambel et al., 2021)

bel IE Slounik Cyrillic 35219 M C D, IR, X 3.77 2.43 9.17 (Morozov et al., 2025)

ben IE kcis Bengali 822 M+A P R, S 2.00 281 5.61 (LTRC, 2018)

cat IE Morphynet Latin 19777 M+A P PR, S 190 492 9.32 (Batsurenetal., 2021)

ces I|E SlavickovaDict Latin 14582 M+A C - 259 224 579 (Slavickovd, 1975)

ces IE Morphynet Latin 351251 M+A P PR, S 217 443 9.61 (Batsuren et al., 2021)

deu IE MorphoChallenge Latin 2863 M+A C - 298 351 10.46 (Kurimo etal., 2010)

deu IE CELEX Latin 47583 M C Int, bR, S 237 2.72 6.44 (Baayen et al., 1995)

deu IE Morphynet Latin 236544 M+A P PR, S 210 530 11.16 (Batsuren etal., 2021)

el IE GreekAnnot.Dict. Greek 8419 A+S C D,I,R 240 312 7.49 (Uland NTUA, 2021)

eng IE MorphoChallenge Latin 3355 M+A C - 230 3.67 8.44 (Kurimo etal., 2010)

eng IE CELEX Latin 43957 M (¢} Int, b, R,S 1.40 3.87 5.42 (Baayen et al., 1995)

eng |E MorphoLex Latin 68549 M C PR, S 2.21 3.77  8.34 (Sanchez-Gutiérrez et al., 2018)
eng IE Morphynet Latin 387418 M+A P P,R,S 2.18 4.86 10.58 (Batsuren et al., 2021)

fas IE PerSeglLex Perso-Ar. 45369 M C - 212 3.20 6.80 (Ansari et al., 2019)

fin  Ur MorphoChallenge Latin 3859 M+A C = 343 3.81 13.04 (Kurimo etal., 2010)

fin  Ur Morphynet Latin 740711 M+A P PR, S 2.31 5.65 13.07 (Batsuren et al., 2021)

fra IE MorphoLex Latin 15954 M+A C P,R,S 2.03 3.15 6.40 (Mailhot et al., 2020)

fra IE demonette Latin 81494 M+A P C,Int,P,R, S 1.72 4.70 8.20 (Hathout and Namer, 2014)
fra IE Morphynet Latin 132094 M+A P P,R,S 1.84 5.66 10.42 (Batsurenetal., 2021)

hbs IE Morphynet Latin, Cyrillic 4915 M+A P P,R,S 1.84 460 8.46 (Batsuren et al., 2021)

hin |E kcis Devanagari 1603 M+A P R, 1.89 3.60 6.78 (LTRC, 2018)

hin IE LDC_RLP LatinT 2029 A+H C R 1.72 233 4.40 (Tracey and Strassel, 2020)
hrv |E CroDeriV Latin 15657 M C E,/Int,PR S 4.08 2.30 9.66 (Sojat etal., 2014)

hun Ur LDC_RLP Latin 2027 A+H C R 248 3.42  8.47 (Tracey and Strassel, 2020)
hun Ur Morphynet Latin 28176 M+A P PR, S 223 413 9.21 (Batsuren et al., 2021)

hye IE Uniparser Armenian 593542 A+R P P,R, S 256 3.75 9.59 (Arkhangelskiy et al., 2012)
ind AN LDC_RLP Latin 2035 A+H C - 1.79 423 7.58 (Tracey and Strassel, 2020)
ita IE DerlvaTario Latin 11287 M C R 280 3.86 10.92 (Talamo et al., 2016)

ita IE Morphynet Latin 80532 M+A P PR, S 232 265 6.14 (Batsuren et al., 2021)

jpn  Ja MorphAGram Kanji, Hirigana 999 M C - 224 143 3.21 (Eskander et al., 2020)

kan Dr kcis Kannada 25953 M+A P Int, ,R,S 436 246 9.45 (LTRC,2018)

kat Ka MorphAGram Mkhedruli 999 A+H C - 3.04 238 7.24 (Eskander et al., 2020)

kor Ko LDC2004T03 Latin” 6455 A+H C - 1.77 547  9.66 (Han, 2004)

kpv  Ur Uniparser Cyrillic 216128 A+R P P,R, S 252 3.38 854 (Arkhangelskiy et al., 2012)
lat IE WFL Latin 27998 M+A P PR, S 2.39 3.53 8.48 (Litta Modignani et al., 2023)
mal Dr kcis Malayalam 33657 M+A P P,R,S 1.99 470 12.40 (LTRC, 2018)

mar |E kcis Devanagari 32523 M+A P Int, R, S 2.54 3.27 8.30 (LTRC, 2018)

mdf Ur Uniparser Cyrillic 104672 A+R P R, 228 3.91 8.90 (Arkhangelskiy et al., 2012)
mhr  Ur Uniparser Cyrillic 251373 A+R P P,R,S 244 352 8.59 (Arkhangelskiy et al., 2012)
mon Mo Morphynet Cyrillic 11428 M+A P R, S 193 4.40 8.48 (Batsuren et al., 2021)

myv  Ur Uniparser Cyrillic 162564 A+R P R, S 240 376 9.03 (Arkhangelskiy et al., 2012)
nbl  NC Sadilar Latin 14753 A+H C - 3.70 263 9.72 (Gaustad and McKellar, 2024)
nld IE CELEX Latin 100620 M+A C Int, ,R,S 244 434 10.81 (Baayen etal., 1995)

nso NC Sadilar Latin 5338 A+H C - 252 3.04 7.68 (Gaustad and McKellar, 2024)
pol IE Morphynet Latin 58711 M+A P P,R, S 1.48 6.66 9.83 (Batsuren et al., 2021)

por IE Morphynet Latin 11774 M+A P P,R,S 149 718 10.67 (Batsuren et al.,, 2021)

rus |E Crosslexica Cyrillic 27873 M C D,I,R 3.76 2.57 9.67 (Bolshakov, 2013)

rus |E KuznetsEfremDict Cyrillic 73447 M C Int, bR, S 4.34 2.27 9.85 (Kuznetsova and Efremova, 1986)
rus |E Morphynet Cyrillic 93039 M+A P PR, S 3.86 2.67 10.28 (Batsuren etal., 2021)

rus |E Tikhonov Cyrillic 96046 M C D,ILR, X 287 211 6.05 (Alimardanova, 2024)

sot NC Sadilar Latin 5667 A+H C - 246  3.00 7.38 (Gaustad and McKellar, 2024)
spa |E MATS Latin 3541 A C - 213 38.07 6.55 (Garciaetal., 2025)

spa |E Morphynet Latin 214483 M+A P PR, S 2.11 495 10.45 (Batsurenetal., 2021)

ssw NC Sadilar Latin 14493 A+H C - 3.57 274 9.79 (Gaustad and McKellar, 2024)
swa NC LDC_RLP Latin 2023 A+H C R 3.27 244  7.98 (Tracey and Strassel, 2020)
swe IE Morphynet Latin 87024 M+A P P,R, S 2.52  3.89 9.79 (Batsuren et al., 2021)

tam Dr LDC_RLP Latin” 2029 A+H C - 199 492 9.82 (Tracey and Strassel, 2020)
tgk IE Uniparser Cyrillic 230646 A+R P P,R, S 2.08 3.7 7.71  (Arkhangelskiy et al., 2012)
tgl AN LDC_RLP Latin 2005 A+H C - 217 354  7.69 (Tracey and Strassel, 2020)
tsn  NC Sadilar Latin 5946 A+H C - 248 3.18 7.90 (Gaustad and McKellar, 2024)
tso NC Sadilar Latin 5202 A+H C - 2.08 379 7.87 (Gaustad and McKellar, 2024)
tur  Tu MorphoChallenge Latin™ 6643 M+A C - 3.45 38.05 10.51 (Kurimo etal., 2010)

udm Ur Uniparser Cyrillic 401382 A+R P Inf, R, S 259 3.47 897 (Arkhangelskiy et al., 2012)
uig Tu thuuymorph Uyghur Ar. 20958 A+R C - 217  4.22 9.16 (Gulinigeer et al., 2021)

ven NC Sadilar Latin 5273 A+H C - 193 3.84 7.42 (Gaustad and McKellar, 2024)
xho NC Sadilar Latin 15480 A+H C - 3.96 235 9.32 (Gaustad and McKellar, 2024)
zul  NC Sadilar Latin 14798 A+H C - 3.81 2.45  9.33 (Gaustad and McKellar, 2024)

Table 1: Resources used in the training of the models. Languages codes specified by ISO 639-3 are
used in the ISO column. Abbreviations used in the Family column: NWC = Northwestern Caucasian, NC
= Niger-Congo, AA = Afro-Asiatic, |IE = Indo-European, Ur = Uralic, AN = Austronesian, Ja = Japonic,
Dr = Dravidian, Ka = Kartvelian, Ko = Koreanic, Mo = Mongolic, ST = Sino-Tibetan, Tu = Turkic. T in the
Script means transcription from the original writing system to the Latin script. Count = the number of
segmented lemmas or wordforms available in the resource. Abbreviations used in the Meth. column: A =
Automatic, Un = Unsupervised, R = Rule-Based, M = Manual, H = Human Reviewed. Abbreviations used
in the C/P column: C = Complete (fully segmented), P = Partial (only some boundaries). Abbreviations
for distinguished morph types in the Cat. column: R = Root, D = Derivational, | = Inflectional, X = Other, S
= Suffix, P = Prefix, C = Connector, E = Ending, Int = Interfix, Inf = Infix. Avg. M/W = average number of
morphs per lemma or word form. Avg M.Len = the average number of characters per morph. Avg W.Len
= the average number of characters per lemma orjward form.



Avg Avg Avg
ISO  Family  Script M/W  M.lLen W.lLen
ces IE Latin 4.05 2.3 9.31
deu IE Latin 25 4.01 10.01
ell IE Greek 2.24 3.5 7.84
eng IE Latin 1.93 4.46 8.62
epo  Con. Latin 2.41 2.59 6.26
fra IE Latin 1.66 5.86 9.75
hrv IE Latin 2.64 2.12 5.61
ita IE Latin 1.58 7.12 11.28
lat IE Latin 25 2.77 6.94
pol IE Latin 2.71 2.23 6.05
rus IE Cyrillic 1.65 6.32 10.45
spa IE Latin 2.25 3.48 7.81
tel Dr Telugu 1.49 4.82 7.16
ukr IE Cyrillic  2.64 2.15 5.67
zho ST Hanzi 1.93 1.05 2.12

Table 2: Metamorphosis resources. All resources
are manually annotated, complete, and contain 200
wordforms. Languages identified by 1ISO 639-3
code. Avg M/W = average number of morphs per
lemma or word form, Avg M.Len = the average
number of characters per morph., Avg W.Len = the
average number of characters per lemma or word
form.

ple, we expect nominally good results for automati-
cally generated datasets, (the model might reverse-
engineer the original, often simple pipeline), and
for datasets with partial segmentation. The compa-
rability across resources is also limited.

However, the evaluation using manually seg-
mented data, even if they are consistent across
languages, is not necessarily more accurate. It
might be strongly influenced by differences in an-
notation approaches between training and test
data. Take as an illustration two pairs of highly
accurate datasets: MorphoLex with MorphoChal-
lenge for English, and Tikhonov with KuznetsE-
fremDict for Russian. From the 1941 words com-
mon to the training subsets of eng-MorphoLex and
eng-MorphoChallenge, the same segmentation ap-
pears for only 72.7%. In the case of Tikhonov
and KuznetsEfremDict, it is even less (namely
58.3%, out of 53,048 words). For example, the En-
glish word stabilized is segmented as stabil+iz+ed
in MorphoChallenge but as stabil+ize+d in Mor-
pholex.

We have decided to evaluate our models in two
ways. Firstly, we have split the original resources
into two mutually exclusive subsets — training data
and test data. The test data from the resources
were sampled randomly according to the size of
the resource (2000 words for resources with more
than 5000 words, else 200 words), while the rest of
the resource was used for training. Secondly, we
have evaluated our models on a small, manually
annotated dataset, where available (see Table 2).
As evaluation metrics, we use whole-word accuracy,
and precision, recall and F1 on boundaries between
morphs.
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5. Experiments and Results

Although transformers-based models have been
used for segmentation in a high-resource set-
ting (Batsuren et al., 2022), the performance gap
between transformer-based models and simpler
LSTM-based models appears to be quite small.
Among other advantages of LSTM-based models is
the comparatively low number of parameters, and
therefore faster training time. Such an architec-
ture also seems more appropriate for small-size
datasets, where it achieved competitive results
(Olbrich and Zabokrtsky, 2025). We have thus
opted for employing two LSTM-based architectures,
trained on each resource separately.

Similarly to Girrbach (2022), we encode segmen-
tation as character classification, using the BMES
encoding (Ruokolainen et al., 2014). Each char-
acter is classified as beginning (B), middle (M), or
end (E) of morpheme, or as single-character mor-
pheme (S). For example, the word be-ing-s would
be annotated as b:B, e:E, i:B, n:M, g:E, s:S.

The first architecture we have used is a two-layer
LSTM, as presented by Girrbach (2022) and imple-
mented in the publicly available Python package
morphseg (Winkelman et al., 2026). Models using
this architecture (TiSeg) have achieved compet-
itive results in the SIGMORPHON 2022 Shared
Task on Morpheme Segmentation (Batsuren et al.,
2022). The implementation we use automatically
removes non-alphabetical characters. We auto-
matically restore most of these characters before
evaluation. As we don’t get any prediction for these
characters, we treat them by default as morpheme
boundaries. While not the best performing archi-
tecture in the original shared task, it might be more
appropriate for our setting, which includes small
datasets and concentrates of surface segmenta-
tion.

We have also created our custom architecture
(CNN-LSTM), inspired by Olbrich and Zabokrtsky
(2025). Our models, after embedding the individual
characters (with embedding size 128), apply con-
volutions with kernel sizes 1 to 8 and 64 channels
each in order to capture local dependencies. Con-
catenated outputs of these convolutions are then
fed into a bidirectional LSTM layer (of dimension
512, close to the optimum according to (Olbrich
and Zabokrtsky, 2025)), followed by a dense layer
and a final dense classification layer. We train for
100 epochs with batch size 64 for large resources,
16 for small resources, with early stopping on word
accuracy on validation set. It isn’t strictly guaran-
teed that the output of the neural network will be
a valid BMES-encoded segmentation. There are
multiple possible strategies of extracting a valid seg-
mentation from the output of the neural network,
including conditional random fields or Viterbi decod-



Morfessor CNN-LSTM TuSeg
resource WACcc MBPrec MBRec  MBF WACcc MBPrec MBRec MBF WACcc MBPrec  MBRec MBF
ady-MorphAGram 0.10 0.76 0.64 0.69 0.61 0.96 0.95 0.95 0.58 0.94 0.96 0.95
aka-LDC_RLP 0.24 0.47 0.85 0.60 0.80 0.91 0.91 0.91 0.74 0.87 0.89 0.88
amh-Amharic 0.04 0.49 0.37 0.42 0.76 0.93 0.95 0.94 0.75 0.93 0.95 0.94
bel-Slounik 0.05 0.50 0.43 0.46 0.91 0.98 0.98  0.98 0.92 0.98 0.98 0.98
ben-kcis 0.14 0.32 0.74 0.44 0.86 0.87 0.87 0.87 0.74 0.87 0.76 0.81
cat-Morphynet 0.07 0.15 0.69 0.24 0.87 0.91 0.93 0.92 0.87 0.91 0.91 0.91
ces-Morphynet 0.24 0.32 0.67 0.44 0.96 0.97 0.98  0.98 0.93 0.95 0.96 0.96
ces-SlavickovaDict 0.00 0.59 0.44 0.51 0.94 0.99 0.99 0.99 0.95 0.99 0.99 0.99
deu-CELEX 0.15 0.35 0.72 0.47 0.88 0.95 0.96 0.95 0.83 0.91 0.94 0.93
deu-MorphoChallenge 0.01 0.27 0.80 0.41 0.59 0.83 0.86 0.84 0.53 0.84 0.81 0.82
deu-Morphynet 0.09 0.22 0.56 0.31 0.93 0.95 0.97  0.96 0.69 0.78 0.81 0.80
ell-GreekAnnotatedDict 0.09 0.26 0.71 0.39 0.83 0.92 0.92  0.92 0.60 0.86 0.76 0.80
eng-CELEX 0.12 0.20 0.71 0.32 0.86 0.92 0.92  0.92 0.87 0.91 0.94 0.92
eng-MorphoChallenge 0.07 0.22 0.88 0.36 0.62 0.81 0.79  0.80 0.59 0.79 0.80 0.79
eng-MorphoLex 0.17 0.31 0.76 0.44 0.92 0.96 0.97 0.96 0.93 0.96 0.97 0.97
eng-Morphynet 0.19 0.31 0.74  0.44 0.90 0.95 0.96 0.95 0.90 0.94 0.97  0.95
fas-PerSegLex 0.11 0.25 0.74 0.38 0.85 0.93 0.91 0.92 0.85 0.92 0.92 0.92
fin-MorphoChallenge 0.01 0.24 0.60 0.34 0.58 0.86 0.86 0.86 0.59 0.86 0.86 0.86
fin-Morphynet 0.05 0.24 0.40 0.30 0.99 1.00 1.00 1.00 0.97 0.98 1.00 0.99
fra-demonette 0.03 0.07 0.39 0.12 0.89 0.95 0.90 0.92 0.89 0.95 0.90 0.92
fra-MorphoLex 0.03 0.14 0.72 0.23 0.66 0.74 0.74 0.74 0.67 0.77 0.73 0.75
fra-Morphynet 0.08 0.17 0.75 0.28 0.86 0.92 0.91 0.91 0.86 0.89 0.92 0.90
hbs-Morphynet 0.07 0.18 0.84 0.30 0.85 0.89 0.90 0.89 0.74 0.83 0.80 0.81
hin-kcis 0.18 0.44 0.86 0.58 0.82 0.91 0.85 0.88 0.83 0.91 0.88 0.89
hin-LDC_RLP 0.04 0.19 0.89 0.32 0.82 0.88 0.88 0.88 0.75 0.90 0.77 0.83
hrv-CroDeriV 0.00 0.39 0.28 0.33 0.93 0.98 0.99 0.98 0.93 0.98 0.99 0.98
hun-LDC_RLP 0.03 0.23 0.88 0.36 0.58 0.80 0.77  0.78 0.54 0.79 0.71 0.75
hun-Morphynet 0.18 0.33 0.76 0.46 0.89 0.93 0.95 0.94 0.89 0.94 0.95 0.95
hye-Uniparser 0.18 0.47 0.61 0.53 0.84 0.95 0.94 0.94 0.83 0.91 0.97 0.94
ind-LDC_RLP 0.04 0.15 0.88 0.26 0.89 0.93 0.90 0.91 0.83 0.88 0.89 0.88
ita-DerlvaTario 0.05 0.26 0.53 0.35 0.70 0.90 0.89 0.89 0.67 0.89 0.87 0.88
ita-Morphynet 0.03 0.06 0.47 0.11 0.91 0.88 0.95 0.92 0.92 0.92 0.93 0.92
jpn-MorphAGram 0.41 0.60 0.69 0.65 0.67 0.76 0.92 0.83 0.72 0.81 0.91 0.86
kan-kcis 0.12 0.63 0.41 0.50 0.72 0.91 0.94 0.92 0.74 0.92 0.94 0.93
kat-MorphAGram 0.04 0.34 0.69 0.46 0.58 0.88 0.83 0.85 0.59 0.87 0.87 0.87
kor-LDC2004T03 0.05 0.12 0.74 0.21 0.82 0.86 0.84 0.85 0.66 0.64 0.78 0.70
kpv-Uniparser 0.18 0.44 0.61 0.51 0.81 0.91 0.94  0.92 0.80 0.90 0.94 0.92
lat-WFL 0.08 0.30 0.56 0.39 0.71 0.84 0.91 0.88 0.70 0.89 0.85 0.87
mal-kcis 0.04 0.31 0.42 0.36 0.62 0.86 0.83 0.84 0.60 0.83 0.82 0.83
mar-kcis 0.19 0.44 0.71 0.54 0.82 0.91 0.93 0.92 0.83 0.91 0.94 0.92
mdf-Uniparser 0.14 0.34 0.65 0.44 0.89 0.94 0.95 0.95 0.88 0.93 0.96 0.94
mhr-Uniparser 0.09 0.35 0.59 0.44 0.71 0.86 0.86 0.86 0.71 0.88 0.82 0.85
mon-Morphynet 0.33 0.32 0.92 0.48 0.97 0.98 0.99 0.99 0.97 0.98 0.99 0.99
myv-Uniparser 0.10 0.34 0.59 0.43 0.85 0.91 095 0.93 0.83 0.94 0.91 0.92
nbl-Sadilar 0.07 0.49 0.51 0.50 0.64 0.90 0.91 0.91 0.62 0.88 0.93 0.90
nld-CELEX 0.27 0.42 0.69 0.52 0.93 0.97 0.98  0.97 0.92 0.97 0.97 0.97
nso-Sadilar 0.04 0.20 0.56 0.30 0.84 0.92 0.93 0.92 0.82 0.90 0.93 0.92
pol-Morphynet 0.03 0.08 0.70 0.14 0.85 0.82 0.85 0.84 0.86 0.84 0.84 0.84
por-Morphynet 0.03 0.07 0.67 0.12 0.85 0.84 0.86 0.85 0.86 0.87 0.83 0.85
rus-Crosslexica 0.08 0.65 0.48 0.55 0.96 0.99 0.99 0.99 0.96 0.99 0.99 0.99
rus-KuznetsEfremDict 0.06 0.68 0.43 0.53 0.89 0.98 0.98  0.98 0.88 0.98 0.98 0.98
rus-Morphynet 0.03 0.09 0.55 0.15 0.86 0.89 0.87 0.88 0.87 0.89 0.89 0.89
rus-Tikhonov 0.05 0.55 0.43 0.48 0.91 0.98 0.98  0.98 0.89 0.98 0.97 0.97
sot-Sadilar 0.04 0.21 0.62 0.32 0.82 0.92 092 0.92 0.82 0.91 0.92 0.92
spa-MATS 0.01 0.22 0.82 0.35 0.67 0.81 0.84 0.83 0.66 0.81 0.84 0.82
spa-Morphynet 0.07 0.22 0.57 0.31 0.95 0.97 0.97 0.97 0.95 0.97 0.98 0.97
ssw-Sadilar 0.04 0.45 0.54 0.49 0.77 0.94 0.96 0.95 0.75 0.93 0.95 0.94
swa-LDC_RLP 0.01 0.35 0.59 0.44 0.66 0.91 0.90 0.91 0.66 0.91 0.91 0.91
swe-Morphynet 0.10 0.41 0.66 0.51 0.94 0.97 0.98  0.98 0.94 0.97 0.98 0.98
tam-LDC_RLP 0.02 0.15 0.72 0.25 0.64 0.73 0.75 0.74 0.58 0.75 0.65 0.70
tgk-Uniparser 0.24 0.44 0.73 0.55 0.88 0.92 0.98  0.95 0.87 0.92 0.98 0.95
tgl-LDC_RLP 0.01 0.18 0.88 0.30 0.72 0.86 0.79 0.83 0.68 0.81 0.80 0.81
tsn-Sadilar 0.04 0.20 0.58 0.30 0.78 0.87 0.91 0.89 0.76 0.89 0.86 0.88
tso-Sadilar 0.02 0.16 0.68 0.25 0.78 0.88 0.87 0.88 0.77 0.87 0.88 0.87
tur-MorphoChallenge 0.02 0.31 0.54 0.40 0.44 0.83 0.81 0.82 0.38 0.79 0.76 0.78
udm-Uniparser 0.14 0.40 0.59 0.48 0.89 0.97 0.93 0.95 0.89 0.94 0.97 0.95
uig-thuuymorph 0.12 0.27 0.64 0.38 0.92 0.96 0.97 0.96 0.92 0.96 0.97 0.96
ven-Sadilar 0.04 0.15 0.62 0.24 0.74 0.82 0.84 0.83 0.73 0.80 0.85 0.82
xho-Sadilar 0.10 0.54 0.55 0.55 0.80 0.95 0.95 0.95 0.79 0.95 0.95 0.95
zul-Sadilar 0.07 0.50 0.51 0.51 0.75 0.93 0.95 0.94 0.74 0.92 0.95 0.94
Macroaverage 0.09 0.32 0.64 0.39 0.81 0.91 0.91 0.91 0.78 0.89 0.90 0.90

Table 3: Evaluation of the two model architectures - our CNN-LSTM architecture and the TiSeg architecture,
trained on each resource, evaluated on data sampled from the corresponding resources. WAcc = word
accuracy, MBPrec = morph boundary precision, MBRec = morph boundary recall, MBF = Morph boundary
F1). The resource are listed in format [iso 639-3 language code]-[resource name/code].

ing. Since invalid outputs occur rarely, we simply

split the word on characters tagged E or S.".
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"The training and evaluation pipeline is available at
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formance. The training size is shown in logarithmic
scale

As a simple baseline, we have trained a semi-
supervised morphological segmentation model us-
ing Morfessor 2.0 (Smit et al., 2014). Some of our
languages are very low-resource, and introducing
corpora of varying sizes would confound compara-
bility both across the baseline models and between
baseline and neural models. Hence, the Morfessor
Baseline models were trained exclusively on word
types (lists of unique words without corpus frequen-
cies) from the training sets of our resources, used
both as the annotated and the unannotated data.

As mentioned in the previous section, we evalu-
ate the models both on the original resources and
on custom evaluation data. The results of the evalu-
ation on the training resources are in Table 3. Both
architectures achieved high word accuracy and
morph-boundary F-measure. On (macro)average,
our CNN-LSTM architecture performed slightly bet-
ter than TuSeg in all the metrics, achieving 81 %
word accuracy and 90.6 % morph boundary F1,
as compared to 78 % and 89.5 % respectively
for TuSeg. Both the architectures have vastly out-
performed the Morfessor baseline on all the lan-
guages.

The performance gap between the two archi-
tectures in terms of word accuracy appears to di-
minish with growing size of training data, with the
CNN-LSTM architecture being better for smaller
datasets (see Figure 1). The observed effect of
training data size, while consistent with observe lin-
ear improvement in performance with exponential
increase of training data, as observed by (Olbrich
and Zabokrtsky, 2025), is overshadowed by the
variability caused by the resource- and language-
dependent factors.

While the evaluation on training resources yields
promising numbers, there is a striking discrepancy
between these and the values achieved while eval-

https://github.com/johnvojtech/unisegmenter
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uating on the manually segmented data (see Ta-
ble 4), where both the architectures only achieved
(macro)average word accuracy of approximately
40 %.

6. Discussion

While it seems that the CNN-LSTM architecture
outperforms the TiSeg architecture, some of the
largest differences between the two are artifacts.
For example, the German MorphyNet allows and
consistently uses multi-word stems. The CNN-
LSTM architecture allows multi-word stems, while
TiSeg does not. Morphemes spanning multiple
orthographical words are rare, if indeed they exist.
In this particular case, the TuSeg is in fact the bet-
ter segmenter, although nominally it is the worse
one. Similarly, for the Korean data, many apparent
errors are caused by treating the dashes by default
as morpheme boundaries. While this effect is most
visible for these two resources, it may on a lesser
scale appear in others as well. In some cases, the
apparent errors are in fact improvements. For ex-
ample, unfailingly is segmented as un+failing+ly in
the training data (eng-MorphoChallenge), but both
the TiSeg and the CNN-LSTM model unfailingly
segmented it as un+fail+ing+ly.

With respect to the large difference between eval-
uation measures on the original resources and eval-
uation on gold data, a large part of the difference
is grounded in differences between gold segmen-
tation and segmentation, as presented in the re-
sources (for an overview, see Table 4). Here follows
an overview of several types of data incompatibili-
ties and corresponding errors.

* Unrepresentativeness of the training data,
leading to false generalizations. For exam-
ple, SlavickovaDict includes only Czech verbs
in a slightly archaic infinitive form. As a con-
sequence, in the training data, the last two
characters always consist of the Czech inflec-
tive affix -ti. As a result, the models trained on
this dataset tend to segment off the last two
characters.

Incomplete segmentation in the training data.
It is noteworthy that the macroaverage preci-
sion is significantly higher than the macroav-
erage recall. For no model is recall more than
10 % higher than precision, while in several
cases, the precision is more than 30 % higher
than recall.

Errors in the training data, especially in au-
tomatically generated data (e.g. MorphyNet)
and/or resources not originally designed for
morphological segmentation (e.g. DerlvaTario,
Uniparser).



CNN-LSTM TuSeg
resource Both Same Same (%) | WAcc MBPrec MBRec MBF | WAcc MBPrec MBRec MBF
ces-Morphynet 39 126 31 0.30 0.71 0.31 0.44 0.34 0.75 0.30 043
ces-SlavickovaDict 0 0 - 0.30 0.62 0.65 0.64 0.21 0.63 0.53 0.58
deu-CELEX 64 40 63 0.49 0.92 048 0.63 0.46 0.91 046  0.61
deu-MorphoChallenge 6 6 100 0.41 0.76 0.61 0.68 0.46 0.84 0.56  0.67
deu-Morphynet 21 8 38 0.38 0.82 0.32 0.46 0.38 0.83 0.31 0.45
ell-GreekAnnotatedDict 28 12 43 0.33 0.55 046  0.50 0.22 0.53 040 046
eng-CELEX 121 103 85 0.71 0.61 0.36 0.45 0.70 0.73 0.32 0.44
eng-MorphoChallenge 4 4 100 0.77 0.64 0.63 0.64 0.74 0.64 0.65 0.65
eng-MorphoLex 165 143 87 0.84 0.74 0.76  0.75 0.82 0.78 0.75 0.76
eng-Morphynet 40 26 65 0.76 0.75 0.56  0.64 0.72 0.72 055 0.62
fra-demonette 33 7 21 0.35 0.61 0.11 0.18 0.34 0.67 0.09 0.16
fra-MorphoLex 69 39 57 0.45 0.78 0.38  0.51 0.45 0.88 0.36  0.51
fra-Morphynet 44 11 25 0.36 0.64 0.22 0.33 0.37 0.70 0.25 0.37
ita-DerlvaTario 3 0 0 0.14 0.37 0.21 0.27 0.15 0.37 0.17  0.24
ita-Morphynet 25 1 4 0.16 0.47 0.05 0.10 0.17 0.65 0.05  0.09
lat-WFL 73 44 60 0.46 0.83 0.56  0.67 0.42 0.86 0.53 0.66
pol-Morphynet 27 1 3 0.16 0.70 0.14 0.23 0.16 0.71 0.13 0.22
rus-Crosslexica 24 11 46 0.38 0.84 0.64 0.72 0.40 0.84 0.66 0.74
rus-KuznetsEfremDict 59 40 68 0.49 0.82 0.75 0.78 0.49 0.84 0.75 0.79
rus-Morphynet 26 1 4 0.15 0.74 0.09 0.15 0.14 0.70 0.10  0.17
rus-Tikhonov 51 33 65 0.45 0.88 0.59 0.70 0.45 0.90 0.59 0.71
spa-MATS 60 35 0.58 0.44 0.71 0.58  0.64 0.45 0.71 0.55 0.62
spa-Morphynet 48 10 0.21 0.25 0.34 0.10  0.16 0.23 0.33 0.11 0.16
Macroaverage 0.42 0.69 0.42 0.49 0.40 0.72 0.40 0.48

Table 4: Evaluation of the neural segmenters on gold data. Both = how many words are both in training
data and in the golden test set. Same=number of words in both train and test set that are segmented in
the same way. WAcc = word accuracy, MBPrec = morph boundary precision, MBRec = morph boundary

recall, MBF = Morph boundary F1

* Incompatible annotation decisions. For exam-
ple, in cases of character reduplication (like
Tomm-y and Tom-my), it is unclear whether to
increase allomorphy of stems or of suffixes.
Our test data as a rule increase allomorphy
of stems (i.e., the segmentation would be
Tomm-y), which doesn’t necessarily hold
in other resources. Also, some morpheme
boundaries are more debateable than others,
and the authors of the original resources might
have been generally less prone to segment
(e.g. the GreekAnnotatedDictionary).

Morphological complexity does play a significant
role in the performance, as withessed by the high
results for English (even in the case of the fairly
inaccurate English MorphyNet). Nevertheless, it
seems that typological features impose smaller lim-
itations on the results than size and quality of the
training data. For example, results for Russian are
consistently high, even though Russian is very mor-
phologically complex.

7. Conclusions

In this paper, we have presented the largest mor-
phological segmentation experiment to date, cov-
ering 58 languages. We have trained two state-
of-the-art neural models on surface morphologi-
cal segmentation, achieving 81 % average word
accuracy on the original resources. The models
can be further used in automatically annotating
text corpora on the morpheme level, which is so
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far very rare. However, the much worse perfor-
mance on our custom test sets points to the need
for further harmonization of morphological segmen-
tation approaches. There is also a large scope for
further research in the technical side of the exper-
iment, as both the architecture and training can
be potentially improved. For example, if there are
multiple inconsistent resources for a language, it
might be advantageous to (approximately) train a
model succesively on all of these, in increasing or-
der of segmentation quality, or use transfer learning
for similar languages. This would avoid false gen-
eralizations when possible, while not significantly
decrease the quality of the segmentation. If multi-
ple models aren’t available, it might still be useful
to pretrain on a dataset segmented by an unsu-
pervised method. Our preliminary results indicate
improvement in precision, but large decrease in this
scenario. Apart from experiments with different ar-
chitecture (perhaps using another architecture from
Batsuren et al. (2022), especially a Transformers-
based architecture), we might also try to train a
joint model for all the languages, to enable cross-
lingual transfer across related languages (Olbrich
and Zabokrtsky, 2025). We would also like to make
use of other morphological features present in the
datasets (e.g. lemma or part of speech), as well as
devise semi-supervised systems using such infor-
mation for improved morphological segmentation.
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