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Abstract
Subword tokenization is a critical but often
overlooked component in the development of
language models for morphologically rich lan-
guages. Standard byte-pair encoding (BPE)
tokenizers are frequency-driven and do not ac-
count for the inflectional structure of languages
such as Polish. We introduce PLTK (PoL-
ish morphological ToKenizer), a morphology-
aware BPE tokenizer for Polish that enforces
morpheme boundary constraints during the
merge procedure using part-of-speech-specific
trie structures. We train two GPT-2 decoder-
only language models from scratch on identi-
cal Polish corpora: one tokenized with PLTK,
one with a standard SentencePiece BPE base-
line, and evaluate both on the KLEJ benchmark.
The PLTK model achieves a higher average
KLEJ score (0.823 vs. 0.813) and a lower final
pre-training loss, suggesting that morphology-
aware tokenization provide measurable benefits
for decoder-only language models in the Polish
setting.

Keywords: Polish NLP, BPE tokenization,
morphology-aware tokenization, decoder-only lan-
guage models, morphologically rich languages

1 Introduction

Subword tokenization is a foundational component
of modern language models. Methods such as
byte-pair encoding (BPE), often applied via im-
plementations like SentencePiece, are widely used
because they provide a simple and efficient com-
promise between character- and word-level mod-
eling. However, these approaches are primarily
frequency-driven and largely agnostic to linguis-
tic structure. For morphologically rich languages,
this can lead to segmentations that split stems in-
consistently or merge inflectional affixes across
morpheme boundaries. For example, the Polish
word napisałem (“I wrote”) could be split by a stan-
dard BPE tokenizer as nap | isał | em, fusing part

of the prefix na- into the following token, whereas
a morphology-aware split such as na | pisał | em
preserves the prefix boundary.

This limitation is particularly relevant for Polish,
a highly inflected Slavic language with rich nomi-
nal and verbal morphology. A single lemma may
appear in many surface forms depending on case,
number, gender, aspect, or person. Standard BPE
training may therefore fragment morphologically
related forms in ways that reduce token sharing and
lexical consistency.

Recent work has explored morphology-aware
tokenization for morphologically rich languages,
including Slovak and multilingual settings (Držík
and Forgáč, 2024; Asgari et al., 2025). How-
ever, Polish has received comparatively little atten-
tion in this context, particularly for decoder-only
language models. Existing Polish decoder-only
models typically inherit tokenizers designed for
English-centric training pipelines.

In this work, we aim to answer the following
question: “Does blocking BPE merges across mor-
pheme boundaries during tokenizer training im-
prove model performance for Polish?”

We introduce PLTK (PoLish morphological To-
Kenizer), a morphology-aware BPE tokenizer for
Polish that constrains merge operations across
morpheme boundaries using part-of-speech (POS)-
aware affix tries. Unlike approaches that require
full morphological analyzers during tokenization,
PLTK modifies the BPE training procedure itself
by preventing merges that cross selected protected
affix boundaries.

To evaluate the impact of morphology-aware to-
kenization, we train two GPT-2-style decoder-only
language models from scratch on the same Polish
corpus and with the same architecture and optimiza-
tion settings. The only experimental difference is
the tokenizer: PLTK versus a standard Sentence-
Piece BPE (SPM) baseline. We evaluate both mod-
els on the KLEJ benchmark as well as on intrinsic



tokenization metrics.
Our experiments show that PLTK produces seg-

mentations with substantially higher morphological
consistency and achieves lower pre-training loss
together with modest but consistent downstream
improvements on the evaluated KLEJ tasks. These
findings suggest that preserving morpheme bound-
aries during subword vocabulary construction can
benefit decoder-only language models for morpho-
logically rich languages such as Polish.

Our contributions are:

• We introduce PLTK, a morphology-aware
BPE tokenizer for Polish based on POS-aware
morpheme boundary constraints.

• We provide a controlled tokenizer ablation
study for Polish decoder-only language mod-
els trained from scratch.

• We show that morphology-aware tokeniza-
tion improves intrinsic morphology metrics,
is associated with lower pre-training loss, and
yields consistent directional gains on down-
stream Polish NLP tasks.

2 Related Work

Subword tokenization. Byte-pair encoding
(BPE), introduced as a data compression algorithm
by Gage (1994) and adapted to open-vocabulary
neural machine translation by Sennrich et al.
(2016), iteratively merges the most frequent char-
acter pair in a corpus until a target vocabulary size
is reached. Being purely frequency-driven, it does
not encode linguistic structure explicitly. Frequent
merges often align with morpheme boundaries,
but this is a side effect of the data rather than a
constraint of the algorithm: boundaries are crossed
whenever the merge condition is met, producing
segmentations that may split stems or mix affixes
with unrelated tokens.

While morphology-aware tokenization can im-
prove linguistic consistency, purely statistical tok-
enization methods optimize important practical ob-
jectives including compression efficiency, shorter
token sequences, vocabulary agnosticism, and sim-
ple deployment. These advantages are particu-
larly important for large-scale multilingual systems
where language-specific resources are unavailable.
PLTK therefore does not aim to replace statistical
tokenization as a general-purpose solution, but in-
vestigates whether additional linguistic structure

provides measurable benefits for a morphologically
rich language such as Polish.

Several works have attempted to address that. Vi-
lar and Federico (2021) propose a statistically moti-
vated variant that defines a probability distribution
over subword units and derives a data-driven stop-
ping criterion, producing more morphologically
coherent segmentations on rich languages without
explicit linguistic resources.

Polish NLP. Polish has benefited from a grow-
ing ecosystem of language resources and bench-
marks. Rybak et al. (2020) introduced the KLEJ
benchmark for Polish language understanding.
Mroczkowski et al. (2021) released HerBERT, a
BERT-based encoder model (0.903 avg KLEJ).
Dadas et al. (2020) released Polish RoBERTa
(0.895 avg). However, these widely used Polish
pretrained models are encoder-only and rely on
standard subword tokenization.

Existing Polish decoder-only models, including
Bielik (Ociepa et al., 2025c,a)and PLLuM (Kocoń
et al., 2025), typically rely on general-purpose sub-
word tokenization strategies rather than explicit
morphology-aware vocabulary construction. Our
work examines whether incorporating morphologi-
cal constraints during vocabulary construction can
benefit decoder-only language models for Polish.

Beyond pretrained models, Polish NLP pro-
vides mature linguistic resources. Formal grammar
resources developed within the ParGram project
(Butt et al., 2002), including the Polish POLFIE
grammar (Patejuk and Przepiórkowski, 2017), pro-
vide symbolic descriptions of Polish syntax and
grammatical structure. Morphological analyz-
ers such as Morfeusz 2 provide detailed inflec-
tional analyses of Polish word forms (Kieraś and
Woliński, 2017). PLTK instead adopts lightweight
POS-aware affix constraints to incorporate selected
morphological information during BPE training.

Morphology-aware tokenization. Držík and
Forgáč (2024) introduced SKMT, a morphology-
aware BPE tokenizer for Slovak, achieving a 3.5%
F1 improvement over standard BPE on downstream
classification. Asgari et al. (2025) proposed Mor-
phBPE, which integrates morphological dictionar-
ies into BPE training to preserve morpheme bound-
aries. Our work applies morphological constraints
for Polish, yielding a 1.2% relative improvement in
average KLEJ score as well as lower training and
validation loss values in pre-training phases.



Multilingual tokenization. Recent large-scale
language models predominantly rely on multilin-
gual pretraining and shared subword vocabular-
ies, including models such as mBERT (Devlin
et al., 2019), XLM-R (Conneau et al., 2020), and
mT5 (Xue et al., 2021). These approaches opti-
mize cross-lingual transfer by sharing vocabulary
capacity across many languages, often using data-
driven tokenization strategies such as Sentence-
Piece. However, shared multilingual vocabularies
may allocate fewer tokenization resources to indi-
vidual languages, particularly morphologically rich
low-resource languages. PLTK focuses instead on
the monolingual setting, investigating whether ex-
plicitly preserving morphological structure during
vocabulary construction benefits Polish decoder-
only language models. Extending morphology-
aware tokenization to multilingual models remains
an open research direction.

3 Methodology

3.1 Architecture and Workflow

The experiment is structured in two parts as ex-
plained in (Figure 1). The upper branch of the
workflow evaluates tokenization quality in isola-
tion, while the lower branch examines whether
the morphological focus of the proposed tokenizer
translates into measurable gains during pre-training
and fine-tuning. In both branches, PLTK and SPM
start from the same preprocessed corpus; the only
difference between the two experimental conditions
is the tokenizer used for vocabulary construction
and corpus encoding.

During the second phase of the experiment, two
language models are trained on datasets encoded
with different tokenizers and later fine-tuned on
downstream tasks. The baseline tokenizer is stan-
dard SentencePiece BPE (Kudo and Richardson,
2018), referred to in this research as SPM. Fine-
tuning is performed with LoRA (Hu et al., 2022), a
parameter-efficient adaptation method that freezes
the pre-trained weights and trains low-rank update
matrices.

The central hypothesis of this study is not that
PLTK improves tokenization quality alone, but that
improved morphological consistency in the vocab-
ulary construction stage can influence language
model learning. Therefore, the evaluation follows
a controlled tokenizer ablation: all model compo-
nents, training data, and optimization parameters
are fixed, while only the tokenizer differs.

Figure 1: High-level overview of the experiment setup.
A 250k-document sample of the Polish corpus is used
to train both tokenizers (PLTK and the SPM base-
line), which are first compared in isolation on intrinsic
tokenization metrics (green block). The full 45.5M-
document corpus is then encoded separately with each
tokenizer, and two GPT-2-style decoder-only models
with identical architecture and hyper-parameters are pre-
trained from scratch, one per tokenizer (blue block).
Both models are subsequently fine-tuned with LoRA on
each KLEJ task and evaluated. The tokenizer is the only
variable that differs between the two branches.

3.2 Corpus and Vocabulary

The training corpus combines three
Polish text sources: Polish Wikipedia
(chrisociepa/wikipedia-pl-20230401),
OPUS-OpenSubtitles v2024, and OPUS-
ParaCrawl v5. The preprocessing steps were
selected to reduce noise specific to the source
domains while preserving linguistic variation.
Subtitle formatting markers such as leading dashes
were removed because they represent dialogue
structure rather than linguistic content. Wikipedia
references were removed because they introduce



non-natural token sequences. No stemming,
lemmatization, or morphological normalization
was applied, since the objective is to evaluate
whether the tokenizer itself can exploit naturally
occurring morphology. Documents shorter than 50
characters are discarded. The same preprocessed
corpus serves both purposes in this study: a sample
of it trains the tokenizers, and the full set pre-trains
the language models. We therefore filter once,
keeping only documents long enough to be useful
for both. The 50-character threshold was chosen
heuristically and not tuned. The final corpus
contains 45.5M documents.

Tokenizer training uses a 250k document sam-
ple (60% OpenSubtitles, 25% ParaCrawl, 15%
Wikipedia) to cover conversational, web, and ency-
clopedic text. LM pre-training uses the full corpus.

Both tokenizers encode the same corpus. PLTK
produces 1.55B tokens, SPM produces 1.39B to-
kens. The ratio (1.12) matches their fertility ratio
(1.608 / 1.432), confirming the difference comes
from segmentation, not corpus size. PLTK pro-
duces more tokens per word because protected
morpheme boundaries prevent certain merges that
would otherwise reduce token sequence length.
This increased fertility is an expected consequence
of the design rather than an optimization target.

3.3 PLTK Tokenizer
PLTK is a morphology-aware BPE tokenizer
trained on the Polish corpus. Its core modification
to standard BPE is the introduction of morpheme
boundary constraints: before training, each word is
analyzed with spaCy’s pl_core_news_sm model
to determine its part of speech (POS). Although
full morphological analyzers such as Morfeusz 2
provide richer inflectional analyses, PLTK inten-
tionally uses lightweight POS-aware boundary con-
straints instead of complete morphological parsing.
POS-specific trie structures, populated with manu-
ally curated Polish inflectional affixes, detect prefix
and suffix boundaries for verbs, nouns, adjectives,
and adverbs. Each trie stores prefix patterns via
forward traversal and suffix patterns via reversed
traversal, returning the longest match. A boundary
is marked as protected if (1) the detected affix be-
longs to the POS-appropriate set, (2) the remaining
stem is at least two characters, and (3) the stem
contains a Polish vowel; protected boundaries are
excluded from BPE merge candidates. Word-initial
space is represented with the SentencePiece (Kudo
and Richardson, 2018) marker. A protected stop-

word list is excluded from boundary analysis. The
SPM baseline is trained on the same corpus using
standard SentencePiece BPE with no morphologi-
cal constraints. The detailed procedure is specified
in Algorithm 1.

Algorithm 1 PLTK Training

Require: Corpus C, target vocabulary size V
Ensure: Vocabulary V , merge list M

1: Count word frequencies in C
2: POS-tag all unique words with spaCy
3: Initialize V with special tokens and characters
4: for each word w do
5: Detect morpheme boundaries using POS-

specific tries
6: end for
7: while |V| < V do
8: Count adjacent pairs, skip pairs crossing

boundaries
9: Select most frequent pair (t1, t2)

10: Merge (t1, t2) into t1t2 in all words
11: Add t1t2 to V
12: Add (t1, t2) to M
13: end while
14: return V , M

Existing Polish morphological resources, such
as Morfeusz 2, provide comprehensive analyses
of Polish inflectional forms (Kieraś and Woliński,
2017). However, PLTK does not aim to perform
full morphological analysis or replace established
linguistic resources. Instead, it requires only bound-
ary information relevant for BPE merge decisions.
Therefore, PLTK adopts a lightweight POS-aware
affix representation rather than integrating a com-
plete morphological analyzer, which keeps the to-
kenizer training procedure focused on vocabulary
construction while still incorporating selected mor-
phological constraints.

3.4 Model Hyperparameters

Both models share an identical decoder-only trans-
former architecture (Vaswani et al., 2017): 12 lay-
ers, 12 attention heads, hidden dimension 768, feed-
forward dimension 3072, dropout 0.1, and context
length 512. Vocabulary size is 30,005 tokens for
both. Pre-training uses the AdamW optimizer with
learning rate 10−4, batch size 64, for 4 epochs.
Fine-tuning on KLEJ is performed using LoRA (Hu
et al., 2022) with rank r = 8, α = 16, learning rate
10−4, batch size 16, for 5 epochs.



3.5 Evaluation Metrics

We evaluate tokenization quality using four intrin-
sic metrics. Fertility rate (FR) measures the aver-
age number of tokens produced per word and re-
flects segmentation granularity (Rust et al., 2021).
STRR (Subword Tokenization Regularity Ratio)
measures consistency of token segmentation across
morphological variants (Nayeem et al., 2025). MC
(Morphological Consistency) quantifies the extent
to which morphologically related word forms share
subword structure (Arnett and Bergen, 2025). MC-
F1 is the harmonic mean-based variant of MC
used in recent morphology-aware tokenization stud-
ies (Asgari et al., 2025).

We evaluate downstream performance using the
KLEJ benchmark (Rybak et al., 2020): named en-
tity recognition (NKJP-NER; F1), semantic textual
similarity (CDSC-R; Spearman ρ), textual entail-
ment (CDSC-E; accuracy), sentiment analysis in-
domain (PolEmo-in; accuracy), sentiment analy-
sis out-of-domain (PolEmo-out; accuracy), and re-
view rating prediction (AR; 1−wMAE). The over-
all KLEJ score is computed as the macro-average
across all six tasks. We use the following ab-
breviations in Table 2 for compact presentation:
CDSC-E (C-E), CDSC-R (C-R), PolEmo-in (IN),
and PolEmo-out (OUT).

4 Results and discussion

4.1 Tokenization Quality

We compare PLTK against three reference tokeniz-
ers: the SPM baseline and two externally trained
tokenizers, Bielik (APT4)(Ociepa et al., 2025b) and
HerBERT. The comparison is intended to charac-
terize existing Polish tokenization behavior rather
than provide a controlled vocabulary-size compar-
ison. We evaluate all four on fertility rate (Rust
et al., 2021), STRR (Nayeem et al., 2025), mor-
phological consistency (Arnett and Bergen, 2025),
and MC-F1 (Asgari et al., 2025) as presented in Ta-
ble 1. PLTK exhibits a higher fertility rate than the
baselines as a consequence of morpheme boundary
preservation, which produces 12% more tokens per
word. This increase reflects a deliberate trade-off:
PLTK sacrifices compression efficiency to preserve
morphological structure.

Peak GPU memory allocation remained similar
under the fixed training configuration used in our
experiments. PLTK scores higher on MC and MC-
F1, indicating that the tokenizer preserves stem-
sharing structure across inflected forms.

Tokenizer FR STRR MC MC-F1

PLTK (ours) 1.608 54.2 54.9 50.7
SPM Baseline 1.432 69.6 33.6 16.1
Bielik (APT4) 1.438 69.4 29.9 13.3
HerBERT 1.387 72.8 23.3 7.7

Table 1: Tokenization quality metrics. PLTK and SPM
use approximately 30k vocabulary size; Bielik and Her-
BERT use their original vocabulary sizes (32k and 50k,
respectively). STRR, MC, and MC-F1 in percent.

4.2 Pre-training results

Training loss is tracked across all steps for both
models across three independent runs. All three
PLTK runs converge to a lower final training loss
(approximately 3.1) than all three SPM runs (ap-
proximately 3.5 - 3.6), within the same number of
optimization steps (Figure 2). However, PLTK pro-
cesses more tokens due to its higher fertility. The
SPM runs follow different initializations across
seeds but converge to a consistent range, above
the PLTK runs throughout training. The gap be-
tween the two groups is stable from early training
onward and is not an artefact of the different start-
ing values, which reflect the larger token count per
sequence under PLTK’s higher fertility rate. Peak
GPU memory allocation on a single A100 (80 GB)
was approximately 48 GB for both models, indicat-
ing that the choice of tokenizer has no significant
impact on memory footprint under identical train-
ing configuration.

Figure 2: Training loss for PLTK (red) and SPM (green)
models over 60k steps across three independent runs
each. Solid lines are smoothed; shaded areas show
per-step variance. PLTK converges consistently lower
(≈3.1) than SPM (≈3.5–3.6) across all runs.

4.3 Fine-tuning and Downstream Evaluation

Both models are fine-tuned on KLEJ (Rybak et al.,
2020). We evaluate on six tasks: named entity
recognition (NKJP-NER; F1), semantic textual sim-



ilarity (CDSC-R; Spearman ρ), textual entailment
(CDSC-E; accuracy), sentiment analysis in-domain
(PolEmo-in; accuracy), sentiment analysis out-of-
domain (PolEmo-out; accuracy), and review rat-
ing prediction (AR; 1−wMAE). The overall KLEJ
score is the average across all six task scores. The
PLTK model scores higher than the SPM baseline
on all evaluated tasks (Table 2), though the per-
task margins are small and, on NER and AR in
particular, fall within the range that seed variation
could plausibly account for; we report only a single
fine-tuning run per task and do not establish statis-
tical significance, as discussed in the Limitations
section.

For reference, base-scale encoder models
on the full KLEJ leaderboard achieve higher
scores (HerBERT: 0.903, Polish RoBERTa:
0.895 (Mroczkowski et al., 2021; Dadas et al.,
2020)), but differ in architecture (encoder-only,
MLM objective) and are not directly comparable.

Model Semantic Sentiment AR Avg

NER C-E C-R IN OUT

PLTK 0.842 0.922 0.917 0.833 0.605 0.820 0.823
SPM 0.839 0.906 0.902 0.817 0.595 0.817 0.813

Table 2: KLEJ results for decoder-only GPT-2 models
(tokenizer ablation).

The largest gains are observed on CDSC-E,
CDSC-R, and PolEmo-in, while smaller improve-
ments appear on PolEmo-out, AR, and NER. Al-
though the precise source of these gains requires
further investigation, the consistent direction of
improvement suggests that morphology-aware seg-
mentation may improve lexical generalization for
Polish decoder-only models.

These findings are consistent with results re-
ported for Slovak, where SKMT yielded a 3.5%
F1 improvement over standard BPE (Držík and
Forgáč, 2024). To our knowledge, this is the first
systematic evaluation of morphology-aware BPE
tokenization to Polish in a decoder-only setting.

4.4 Generation Quality

As a qualitative analysis, we additionally inspect
completions on prompts ending mid-stem or requir-
ing agreement-sensitive continuation (Table 3).

These examples were selected by the authors
to illustrate characteristic differences and are in-
tended as a qualitative illustration. In these manu-
ally selected examples, PLTK produces continua-
tions that remain morphologically consistent with

the prompt context, including inflected noun and
adjective forms as well as subject–verb agreement.
In contrast, the SPM baseline produces in several
examples less morphologically consistent continu-
ations, agreement mismatches, or repetitive gen-
erations. In the mid-stem prompts, PLTK pro-
duces morphologically well-formed continuations,
including a genitive-feminine adjective (odległej),
an accusative noun (książkę), and a locative plural
(wzgórzach). In contrast, the SPM baseline pro-
duces continuations with incorrect or inconsistent
inflectional forms in each case.

On the agreement-sensitive prompt, PLTK gen-
erates the correct third-person plural form (czytają),
while SPM produces a singular form (czyta). On
the prefixed-verb prompt, PLTK produces a diverse
continuation (cokolwiek pomoże), whereas SPM
collapses to repeated generation of the same token
(narobić).

4.5 Efficiency and Generality Cost
Morpheme boundary preservation is not free. Be-
cause PLTK blocks selected merges across pro-
tected boundaries, it produces more, shorter tokens
than a standard BPE tokenizer: fertility rises from
1.432 to 1.608, a 12% increase in tokens per word
(fertility ratio 1.12). Encoding the full corpus gen-
erates 1.55B tokens with PLTK against 1.39B with
SPM. Compression is the primary objective of stan-
dard BPE, and PLTK deliberately relaxes it.

This has a direct downstream cost. Under a fixed
context length and batch size, a 12% increase in
tokens per word implies a proportional increase
in average sequence length and a corresponding
reduction in training and inference throughput. We
did not measure throughput or sequence length di-
rectly, so we use the token-count ratio as a proxy
for this slowdown. Memory footprint, by contrast,
was approximately unchanged under our experi-
mental configuration: peak GPU allocation on a
single A100 (80 GB) was approximately 48 GB for
both models, since the vocabulary size and model
architecture are identical.

The boundary detection step adds a one-time pre-
processing cost: each unique word is POS-tagged
and passed through the affix tries before tokenizer
training begins. This cost is incurred once, at train-
ing time, and does not affect inference latency once
the merge list is fixed.

Finally, PLTK trades BPE’s language agnosti-
cism for language-specific structure. Standard BPE
requires only raw text, whereas PLTK depends on



a Polish POS tagger, manually curated inflectional
affix lists, and a stopword list. The method is there-
fore Polish-specific by construction and does not
transfer to a new language without equivalent re-
sources. Whether this reduced generality is worth
it depends on the gains it buys. For Polish, the im-
provements in morphological metrics, pre-training
loss, and KLEJ scores suggest the trade is worth-
while.

Prompt PLTK SPM

Jestem przybyszem z
odległ...
(‘I am a visitor from a
distant...’)

odległej
galaktyki
(‘distant
galaxy’,
genitive
feminine)

odległości
(‘distance’)

Napisałem książk...
(‘I wrote a book...’)

książkę o tym
jak
(‘book,
accusative,
about how’)

książk, żeby
(malformed
stem, ‘so
that’)

Dom stoi na wzgórz...
(‘The house stands on a
hill...’)

wzgórzach
(‘hills’,
locative
plural)

wzgórze
(‘hill’,
nominative
singular)

Ona czyta książkę. On
czyta książkę. My
czytamy książkę. Oni
(‘She reads a book. He
reads a book. We read a
book. They’)

czytają
książkę
(‘read a
book’, third
person
plural)

czyta książkę
(‘reads a
book’, third
person
singular)

robić, zrobić, przerobić,
narobić,
(‘to do, to do
(perfective), to redo, to
make a lot of,’)

cokolwiek
pomoże
(‘whatever
helps’)

narobić,
narobić,
narobić,
narobić
(repetition)

Table 3: Representative generation examples comparing
PLTK and SPM outputs, with English glosses. Exam-
ples were selected manually to illustrate characteristic
differences and are not a random sample; they are in-
tended as qualitative illustration only.

5 Limitations

PLTK combines multiple components (POS-aware
boundary detection, trie-based affix matching, stop-
word exclusions); the present work does not ablate
their individual contributions.

We do not report variance across fine-tuning
seeds: each KLEJ result comes from a single fine-
tuning run, so the observed score differences, sev-
eral of which are small, may not be statistically sig-
nificant. Establishing significance would require re-
peating each fine-tuning run across multiple seeds
and reporting the resulting variance.

Both models operate on the GPT-2 (Radford
et al., 2019) base scale and are not directly compa-
rable to Polish production LLMs trained on signifi-
cantly larger corpora.

Although multilingual pretrained models such
as XLM-R and mT5 demonstrate the effectiveness
of shared multilingual vocabularies, this study fo-
cuses on isolating the effect of morphology-aware
tokenization in a controlled monolingual Polish
decoder-only setting. A direct comparison would
require controlling for differences in architecture,
training objectives, and multilingual data composi-
tion. Investigating morphology-aware extensions
for multilingual tokenizers is an important direction
for future work.

Furthermore, the higher fertility rate of PLTK
changes the token distribution and sequence length
characteristics of the training data, which may
also contribute to the observed differences inde-
pendently of morphology preservation itself.

6 Conclusion

We presented PLTK, a morphology-aware BPE to-
kenizer for Polish that constrains merge operations
across morpheme boundaries using POS-specific
affix tries. In a controlled comparison against a
standard SentencePiece BPE tokenizer, PLTK pro-
duced more morphologically consistent segmenta-
tions, achieved lower pre-training loss, and yielded
higher scores across the evaluated KLEJ tasks for
GPT-2-style decoder-only language models.

Although the observed gains are modest, the
results suggest that incorporating morphological
structure into subword vocabulary construction can
benefit decoder-only language models for morpho-
logically rich languages such as Polish. PLTK re-
mains compatible with standard transformer train-
ing pipelines and does not require architectural
modifications.

Future work should examine larger-scale train-
ing regimes, multilingual settings, and controlled
ablation studies of individual tokenizer compo-
nents.

Artifact Availability

The implementation, training scripts, and evalua-
tion resources are publicly available online. 1

1https://github.com/Prof-it/tokenizer_pol

https://github.com/Prof-it/tokenizer_pol
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