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Abstract

Tokenization is often treated as a fixed im-
plementation detail in sentence embedding
pipelines, even though morphologically rich
languages place unusual pressure on subword
segmentation. This paper studies tokeniza-
tion as an isolated experimental variable for
Turkish, an agglutinative and relatively under-
represented language in NLP. We evaluate a
morphology-aware tokenizer (MFT) against
three Turkish BPE-based tokenizers in a con-
trolled setup where architecture, training data,
and initial weights are fixed and only the tok-
enizer changes. Across this setup, MFT yields
the best scores on STSbTR semantic similarity
and on the 26-task Turkish embedding bench-
mark TR-MTEB, while also producing the
strongest diagnostic average on TurBLiMP. The
gains are accompanied by a clear cost: MFT
uses more tokens per word than the BPE base-
lines. We argue that, for morphologically rich
languages, linguistically aligned tokenization
should be treated as a measurable design vari-
able rather than a preprocessing default.

Keywords: morphology-aware tokenization,
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1 Introduction

Large language models and sentence encoders have
advanced quickly for high-resource languages, but
their behavior remains less well understood for
morphologically rich and underrepresented lan-
guages. Turkish is a particularly revealing case:
productive suffixation, phonological alternations,
and long derived word forms can make purely
frequency-driven subword segmentation linguis-
tically misaligned. Prior Turkish work has already
shown that tokenization choices matter for down-
stream performance and for the linguistic integrity
of representations (Toraman et al., 2023; Schmidt
et al., 2024; Bayram et al., 2025).
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Despite this, tokenization is still often treated as
a fixed preprocessing decision rather than as an ex-
perimental variable. This is problematic for embed-
ding models, where representation quality depends
on how consistently semantically related forms are
segmented before the encoder is trained or adapted.
Benchmarking practice has also improved: MTEB-
style evaluation has made sentence encoders easier
to compare across tasks (Muennighoff et al., 2022),
while Turkish now has language-specific resources
such as STSbTR and TR-MTEB (Beken Fikri et al.,
2021; Baysan and Gungor, 2025). What remains
less common is a controlled comparison in which
the tokenizer is the only factor that changes.

This paper presents such a comparison. We eval-
uate a morphology-aware Turkish tokenizer, MFT,
against three Turkish BPE-based tokenizers in a
controlled training setup where all models share the
same encoder architecture, the same training data,
and the same initial random weights. The results
show that morphology-aware tokenization leads to
stronger Turkish sentence embeddings in seman-
tic similarity and multi-task evaluation, while also
improving a diagnostic measure of sensitivity to
morphologically perturbed minimal pairs. At the
same time, the results make the trade-off explicit:
better linguistic alignment comes with a larger to-
ken footprint.

2 Morphology-Aware Tokenization as a
Measurable Variable

The tokenizer studied here, MFT, is designed for
Turkish and combines root—suffix analysis, phono-
logical normalization, and a BPE fallback path
when morphological decomposition is unreliable
(Bayram et al., 2025). The main motivation is to re-
duce semantically opaque splits and preserve mor-
phemic structure more consistently than general
subword tokenization.



Two tokenization-oriented metrics are central
in this setting. The first is Turkish Ratio (TR%),
which measures the share of language-appropriate
tokens in the produced vocabulary footprint. The
second is Purity Ratio (Pure%), which tracks how
many of these units remain morphologically clean
rather than being mixed or noisy segments. On
TR-MMLU text, MFT reaches TR%=90.29 and
Pure%=85.80 with a vocabulary of 32,768 to-
kens. In addition, the encode—decode cycle remains
nearly lossless, with 99.48% exact word-level ac-
curacy for decode (encode (w) ) on a 66,547-
word sample (Bayram et al., 2025).

These properties do not by themselves prove
downstream utility, but they make tokenization
quality measurable in a linguistically interpretable
way. The central question of this paper is whether
this internal alignment transfers to sentence embed-
ding quality when the rest of the training pipeline
is held constant.

3 Controlled Experimental Setup

To isolate tokenization from other factors, we train
four sentence encoders under identical conditions
and vary only the tokenizer. All models use the
same EmbeddingGemma-300M architecture (Vera
et al., 2025), the same training data, and the same
initial random weights. A single seed-42 initial-
ization is sampled once and copied across all runs;
the only difference is the tokenizer stream: mft,
mursit, cosmos, or tabi. To avoid runtime
tokenization differences during training, input IDs
are prepared offline for each tokenizer, so the com-
parison remains focused on segmentation choices
rather than implementation artifacts.

The controlled training data consists of an ap-
proximately 300K-example Turkish text subset
derived from the Cosmos Turkish Corpus, with
teacher embeddings precomputed before student
training. It is broad web/pretraining-style Turkish
text rather than task-specific STS, retrieval, or clas-
sification data, so the evaluation benchmarks are
out-of-domain with respect to the training source.
For fairness, each example is encoded once with all
four tokenizer streams, the resulting input_ids
columns are stored offline, and any example ex-
ceeding the shared 2048-token context limit under
any tokenizer is removed from all streams. Tok-
enizer coverage is therefore handled before train-
ing: the BPE baselines retain their usual open-
vocabulary subword behavior, while MFT uses its
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Measure MFT Best BPE
TR% 90.29 53.48
Pure% 85.80 31.45
decode (encode (w) ) 99.48 —
Tokens / word 291 1.82

Table 1: Main tokenizer-side properties. The BPE side
is shown as the strongest reported baseline value where
relevant. MFT is more linguistically aligned, but less
compact.

BPE fallback when root—suffix analysis is unreli-
able; remaining rare or noisy forms mainly affect
segmentation quality rather than producing uncov-
ered tokens.

We evaluate the resulting models on three levels:

e STSbTR, a Turkish semantic textual similar-
ity benchmark scored with Pearson and Spear-
man correlation (Beken Fikri et al., 2021);

e TR-MTEB, a 26-task Turkish embedding
benchmark covering retrieval, classification,
clustering, STS, NLI, and bitext mining
(Muennighoff et al., 2022; Baysan and Gun-
gor, 2025);

* TurBLiMP, used here as a diagnostic bench-
mark where sentence embeddings are tested
on controlled good/bad minimal pairs via
centroid-based comparison rather than lan-
guage model probabilities (Basar et al., 2025).

Table 1 summarizes the main tokenizer-side
properties, including the efficiency cost of MFT.

4 Results

Table 2 gives the main downstream results. MFT
yields the strongest STSbTR test performance, im-
proving over the strongest BPE baseline (Mursit)
by +4.81 Pearson and +4.31 Spearman. The rank-
ing is consistent on the STSbTR training split as
well, suggesting that the effect is not limited to a
single subset.

The same pattern extends to TR-MTEB. MFT
achieves the best average score across 26 tasks with
39.57, ahead of Mursit (35.92), Cosmos (35.65),
and Tabi (34.92). The advantage is especially vis-
ible in STS and retrieval-oriented settings, while
some category-level trade-offs remain: for exam-
ple, Cosmos is slightly better on clustering. This is
important because it shows that morphology-aware
tokenization is not a universal win on every task,
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Tokenizer P S TR-MTEB TurBLiMP
MFT 5144 50.03 39.57 61.2
Mursit 46.63 4572 35.92 52.7
Cosmos 43.09 42.18 35.65 50.8
Tabi 43.01 4253 34.92 51.6

Table 2: Controlled downstream results. P and S denote
Pearson and Spearman on STSbTR test. TR-MTEB
is the 26-task average. TurBLiMP is the average pair
accuracy over 16 phenomena.

but a design choice with a clear overall benefit pro-
file.

TurBLiMP provides an additional diagnostic sig-
nal. Using an embedding-based good/bad sentence
comparison, MFT reaches the best average over 16
phenomena (61.2), again outperforming the three
BPE baselines. The phenomenon-level pattern
is mixed, which cautions against overgeneraliza-
tion, but the average trend supports the idea that
morphology-aware segmentation makes the em-
bedding space more sensitive to controlled formal
degradations in Turkish.

5 Discussion

These results support a simple claim: for Turk-
ish sentence embeddings, tokenization should be
treated as a measurable modeling variable rather
than a frozen preprocessing layer. When architec-
ture, data, and initialization are fixed, the tokenizer
still changes the quality of the learned embedding
space in meaningful ways.

The most important practical trade-off is effi-
ciency. MFT is less compact than the BPE base-
lines and consumes more tokens per word. In other
words, the gains are not “free.” However, the con-
trolled results suggest that for a morphologically
rich language such as Turkish, a better-aligned seg-
mentation policy can yield stronger semantic rep-
resentations even when sequence length becomes
less favorable.

The results also clarify the scope of the claim.
We do not argue that morphology-aware tokeniza-
tion dominates on every task or that it replaces ar-
chitectural and data-centric improvements. Rather,
the evidence suggests that linguistically informed
segmentation can provide a robust advantage in
Turkish STS, retrieval-oriented embedding tasks,
and morphology-sensitive diagnostics, while still
leaving room for task-specific trade-offs. The TR-
MTEB category breakdown is consistent with this
narrower interpretation: the strongest gains are in
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STS and retrieval, whereas Cosmos is slightly bet-
ter on clustering, so the main evidence is an overall
average advantage rather than uniform task-level
dominance.

A limitation of this study is that all controlled
runs use a single shared seed; future work should
repeat the comparison across multiple seeds. Mod-
els and evaluation artifacts will be made available
through the Magibu Hugging Face organization at
https://huggingface.co/magibu. The MFT to-
kenizer code is available at https://github.com/

malibayram/turkish-tokenizer.

6 Conclusion

This paper presented a controlled comparison of
four Turkish tokenizer streams for sentence embed-
dings and showed that a morphology-aware tok-
enizer leads to the strongest overall results on STS-
bTR, TR-MTEB, and TurBLiMP when all other
training factors are fixed. The main contribution
is methodological as much as empirical: tokeniza-
tion can be isolated, measured, and compared as
a first-class design variable in low-resource and
morphologically rich language technology.

For future work, the main next step is to test
whether this pattern transfers to other morpholog-
ically rich languages and to multilingual settings
where language-specific alignment must coexist
with shared vocabularies.
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