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Abstract

Tokenization is a fundamental component of
language modeling pipelines. Despite its im-
portance, it is often fixed, even though it sig-
nificantly impacts model performance across
languages. In this work, we analyze what to-
kens are learned when tokenization is jointly
optimized with language modeling. We com-
pare tokenizer-free approaches such as SSL.Ms
and H-Nets with fixed tokenizers across 18 ty-
pologically and script-diverse languages. Our
results show that joint optimization fundamen-
tally alters token structure. SSLMs recover mor-
phologically aligned and contextually efficient
tokens, whereas H-Nets prioritize byte-level
efficiency, producing longer tokens with very
low overlap with standard subword vocabular-
ies. We further show that tokenization behav-
ior varies across language typologies. Agglu-
tinative languages exhibit more dynamic seg-
mentation patterns while learning. Through
downstream evaluation, with pretrained-then-
finetuned BERT models, we find that SSLM-
based pretokenization consistently reduces lan-
guage modeling perplexity and achieves com-
petitive downstream performance despite dis-
tinct vocabularies. Overall, tokenizer-free ap-
proaches optimize for contextual and computa-
tional efficiency rather than strict morphologi-
cal structure, resulting in fundamentally differ-
ent yet effective vocabularies for downstream
NLP.

1 Introduction

Tokenization is a fundamental preprocessing step
in language models (LMs). In transformer-based
LMs (Vaswani et al., 2023), it is often performed by
learning a tokenizer through subword algorithms
such as Byte-pair Encoding (BPE, Gage (1994);
Sennrich et al. (2016)), Unigram Language Model
(ULM, Kudo (2018)), or WordPiece (WPC, Schus-
ter and Nakajima (2012)). These algorithms are
built on simple statistical priors, such as the as-
sumption that frequently co-occurring characters
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Figure 1: Morphological alignment evaluation of tokenizer-
free (H-Nets, SSLMs) and fixed-tokenizer approaches. SSLMs
show consistently higher alignment, whereas H-Nets trade
morphological alignment for longer, computationally efficient
tokens.

should be part of the same token (Sennrich et al.,
2016). Despite their widespread adoption, it is un-
clear whether such approaches provide best perfor-
mance, especially when working with languages
across diverse morphological complexities, typolo-
gies, and scripts. This concern is further amplified
from the standard tokenization-LM-detokenization
pipeline, where a tokenizer is learned independently
of language model training and remains static. We
refer to these as fixed-tokenizer approaches. As-
sessing the best tokenizer for such LMs is both
difficult and expensive, since the tokenizer remains
fixed prior to training and cannot be modified there-
after.

Various modifications and novel algorithms have
been proposed to learn a tokenizer. This includes
advances in pre-tokenization (Banerjee and Bhat-
tacharyya, 2018; Hu et al., 2025), robustness (Kudo
and Richardson, 2018), morphological alignment
(Hofmann et al., 2022; Libovicky and Helcl, 2024;
Zhu et al., 2025), vocabulary pruning (Cognetta
et al., 2024) or modifications (Chizhov et al., 2024),
and cross-token' approaches (Schmidt et al., 2025;

I'Tokens that can span multiple words, for example “by the
way”.
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Liu et al., 2025). However, no single approach
can be concluded to be the “best”, as conclusions
depend on various factors such as: 1) languages
chosen and their morphological properties, 2) ex-
perimental setup like model architecture, dataset
size and other hyperparameters (Zhu et al., 2019;
Poelman et al., 2025).

Recently, new architectures have been proposed
that overcome the aforementioned fokenization-
LM-detokenization pipeline. These are often re-
ferred to as tokenizer-free LMs. Architectures such
as Dynamic Token Pooling Transformers (Nawrot
et al., 2023) and H-Nets (Hwang et al., 2025) in-
corporate data-dependent boundary prediction (i.e.,
tokenization) and byte-level language modeling into
a single end-to-end pipeline. H-Nets, in partic-
ular, provide a stable architecture. On the other
hand, models such as subword segmental language
model (SSLM, Meyer and Buys (2022, 2025)) use
long short-term memory (LSTMs, Hochreiter and
Schmidhuber (1997)) or transformers (Vaswani
et al., 2023) to marginalize and optimize over all
possible segmentations. Despite being computa-
tionally heavy and unfeasible at large scale, SSLMs
provide us with a joint architecture which we can uti-
lize for analysis. These tokenizer-free approaches
avoid any statistical or heuristic priors, thus pro-
viding us with a tokenization that is jointly learned
with the LM.

In this work, we investigate “what tokens are
learned when tokenization is optimized jointly with
language modeling.” Our contributions:

1. We analyze how and what tokens are learned
through tokenizer-free approaches, namely
SSLM and H-Net, by evaluating their intrinsic
and linguistic properties across a diverse set of
languages.

2. We compare these approaches with fixed-
tokenizer methods, such as and , to
assess how similar their learned vocabularies
are.

3. We evaluate the impact of these tokenization
approaches on downstream task performance to
assess whether jointly learned tokenizers offer
improvements.

2 Related Work

Prior work analyzing tokens learned by tokenizer-
free LMs remains limited. Recently, Meyer and
Buys (2025) studied the learning dynamics of to-
kens learned by SSLMs (Meyer and Buys, 2022).

Language Coverage

Agglutinative: Finnish, Hungarian, Malayalam, Tamil, Tel-
ugu, Kyrgyz, Turkish, Mongolian, Indonesian (9 languages)
Analytic & Introflexive: English, Swedish, Hebrew (3
languages)

Fusional: Sanskrit, Hindi, Sindhi, Croatian, Russian, Per-
sian (6 languages)

Table 1: List of typologically and script diverse languages
included in this study. Detailed version of this table can be
found in Table 11 in the Appendix.

They tracked subword learning dynamics from a
linguistic perspective by evaluating morphological
alignment, productivity, idiosyncrasy, and fertility,
and identified distinct stages of subword learning.
However, because their study focused on learning
dynamics, the analysis was limited to three lan-
guages. Moreover, critical confounding factors
such as dataset size and disparities across languages
were not accounted for when drawing conclusions
across languages.

On the other hand, many studies have analyzed
fixed tokenizers and their modifications. These stud-
ies have largely focused on the impact of subword
algorithms on downstream LM performance. For
example, Bostrom and Durrett (2020), Vemula et al.
(2025) and Brahma et al. (2026) compared differ-
ent algorithms, showing that performs better
on downstream tasks and recovers subwords that
are more morphologically aligned. While, works
such as Uzan et al. (2024) argued that inference
strategy can matter as or more than the tokenizer
construction algorithm.

3 Methodology

3.1 Languages and Datasets

Languages vary widely in morphology, typology,
and script, which may affect the best tokenization
approach. We therefore study a broad, represen-
tative set of 18 languages spanning this diversity,
listed in Table 1. Detailed version can be found in
Table 11 in Appendix.

An ideal comparison involving multiple lan-
guages requires parallel training and test data. How-
ever, it is difficult to find such parallel corpora
across many languages. Therefore, we proceed with
non-parallel monolingual corpora while carefully
controlling the data source and size. To balance
the data sizes across languages, we extract 250,000
English sentences and measure their size in bytes.
Then, for other languages, we scale the data size
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according to byte-premiums® (BP) (Arnett et al.,
2024) and extract the desired number of sentences>.
We choose WMT News Crawl corpora* (Chelba
et al., 2013) as the data source, thereby fixing the
domain to News for most languages. And if it is
not available for a specific language, we fallback to
the NLLB corpus (Team et al., 2022). Statistics of
the resultant pretraining data along with available
morphologically annotated data is listed in Table

12 of the Appendix.

3.2 Tokenization Approaches

We include two distinct tokenizer-free approaches
from recent literature:

* Transformer-based version of subword segmental
language model; SSLM (Meyer and Buys, 2025);
that marginalize over all possible segmentations
while jointly optimizing for language modeling.

* End-to-end H-Nets (Hwang et al., 2025) that
jointly perform data-dependent boundary predic-
tion along with byte-level language modeling.

To compare these approaches with fixed-
tokenizer approaches, we include both standard
and improved algorithms. We include standard
algorithms such as BPE (Sennrich et al., 2016),
ULM (Kudo, 2018), and WPC (Schuster and Naka-
jima, 2012). We also study methods such as SaGe
(Yehezkel and Pinter, 2023), which prefers subword
units that occur in fewer distinct contexts relative
to its frequency, and unsupervised morphological
tokenizers such as Morfessor (Smit et al., 2014).
In addition, we also include methods that modify
inference (such as BPE-dropout (Provilkov et al.,
2020) and PathPiece (Schmidt et al., 2024)), pre-
tokenization (such as MorphBPE (Banerjee and
Bhattacharyya, 2018)), encoding (such as MYTE
(Limisiewicz et al., 2024)) and vocabulary construc-
tion (such as PickyBPE (Chizhov et al., 2024)).
We further include cross-token approaches such as
SuperBPE (Liu et al., 2025) and BoundlessBPE
(Schmidt et al., 2025), which have been shown to
be more efficient. Table 13 in Appendix describes
these approaches and § B.3 lists their hyperparame-
ters.

ZByte premium (BP) is the ratio of bytes required to encode
a comparable amount of information or parallel text in one
language relative to another language (typically designated as
English).

3This is necessary for our comparative analysis involving
UTEF-8 encoding, as it is known to produce disparities across

languages with diverse scripts (Arnett et al., 2024).
“https://data.statmt.org/news-crawl/

3.3 Evaluation

We evaluate both intrinsic properties and extrin-
sic performance of the mentioned tokenization ap-
proaches. We consider intrinsic metrics such as
contextual exponence and effective vocabulary size,
as well as linguistic metrics such as morphological
alignment. Table 14 in the Appendix provides a
comprehensive description of the metrics we evalu-
ate. This broad intrinsic evaluation provides us with
a meaningful assessment of the tokens produced by
each tokenization approach.

To measure the impact of each tokenization ap-
proach on downstream performance, we pretrain
BERT (Devlin et al., 2019) models at a scale of
12M parameters® and finetune them on tasks: Senti-
ment Analysis, POS Tagging, Named Entity Recog-
nition (NER), and Dependency Parsing. We limit
the downstream evaluation to three typologically
distinct languages: English, Hindi, and Telugu; to
keep the computational cost manageable.

3.4 Experimental Setup

We take a backward approach from the ideal exper-
imental setup as noted by Poelman et al. (2025), al-
lowing us to better isolate the effect of the tokenizer.
We train SSLMs, H-Nets, and fixed-tokenizer algo-
rithms on the train subset of the dataset. Training is
monitored on the validation subset, and all tokeniza-
tion approaches are evaluated on the test subset.
Total parameters count of H-Net models remains
at approximately 3M, and that of SSLMs at 2M.
This ensures that the ratio of token-to-parameter
count is at least 2 across languages (see Table 12).
While H-Nets do not require any vocabulary for
initialization, SSLLMs require a fixed lexicon pro-
vided beforehand. We consider 10, 000 most fre-
quent words for this, following Meyer and Buys
(2025), and set maximum token length7 as 5. For
downstream evaluation, we scrape a larger dataset
containing 10M sentences from same data source;
NewsCrawl (Chelba et al., 2013). This ensures a
reasonable data size for 2M-30M parameter BERT
models which we analyze. Detailed hyperparam-
eters for each models are listed in the Appendix
B.

SNote that this requires treating tokenizer-free approach as
pretokenization. We discuss the reasons behind this in § 4.4.

%We perform an ablation study at different model scales
and discuss the results in § 4.4 and in the Appendix.

"Measured in terms of unicode character length, and not
as length in raw UTF-8 bytes
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English Hebrew Hindi Tamil Hungarian Indonesian

reaping mhhliniialisal FRATAT UGSDHG) brigadokkal ceritakan

reap ing [mpllwlieliaja} FIIHAT AT S HGI brigad okkal cerita kan

Segmentation  FI  Segmentation  FI Segmentation F1  Segmentation FI Segmentation FI  Segmentation FI

rea ping 0 [mpbi g aliajal 0 FTIRT AT 0 e ™hg 0 brigadokkal 0 ceri takan 0
re ap ing 067 D mwwn 0.5 FTHFATAT  0.67 G E_})gﬂ 1 brigddokkal 0.5 ceritakan  0.67
reap ing 1 DnTen 067 FEFRATS 067 | S S8 1 brigidokkal 0 ceritakan  0.67
reap ing I Dnteen 05 FE&AATSAT 067 @SS . 0 brigidokkal 067 ceritakan  0.67
reap ing 1 oonTwen 05 FEFHATAT 067 e@dHs ™ 0  brigidokkal 067 ceritakan 0.5

Table 2: Evolution of segmentation of few candidate wordforms produced by fokenizer-free approach SSLM with morphological
alignment F1-scores. English, Hebrew, and Hindi are fusional or analytical languages, while Tamil, Hungarian, and Indonesian
are agglutinative languages. More examples in Table 10 in Appendix.

4 Experiments & Results

4.1 Q1: How are the tokens learned?

We analyze the learning dynamics of SSLMs sim-
ilar to Meyer and Buys (2025), but with broader
language coverage, script variation, and, more im-
portantly, dataset sizes adjusted according to byte-
premiums (Arnett et al., 2024). We evaluate and
track morphological alignment against MorphScore
(Arnett and Bergen, 2025; Arnett et al., 2025) data,
along with intrinsic properties such as effective vo-
cabulary size and number of distinct neighbouring
tokens, i.e., contextual exponence (Yehezkel and
Pinter, 2023)%. Our results confirm the findings
of Meyer and Buys (2025) with inclusion of more
diverse languages.

Morphological Alignment

Figure 2 plots the variation in morphological align-
ment of tokens produced by SSLM, as its training
progress, for a subset of languages; a similar plot
containing all 18 languages is plotted in figure 9 in
Appendix.

Findings: Across all languages, we observe four
distinct phases in the morphscore dynamics: 1)
Rapid initial evolution of morphemes, 2) Fluc-
tuation for a brief period which is more consis-
tent and pronounced in case of Agglutinative lan-
guages, 3) Convergence to a fixed alignment, and
4) Saturation, where alignment remains static im-
plying convergence to a solution. Overall, higher
alignment in Templatic and Fusional languages as
compared to Agglutinative languages. This implies
that a jointly learned tokenizer effectively identi-
fies the root-and-pattern structures (as in Hebrew)
and the inflectional suffixes (as in Hindi) very early
in training. Despite being highly synthetic, Tamil

8Refer to Table 14 in Appendix for brief description of
these metric.

—e— English (Analytic) —— Hebrew (Templatic)
Tamil (Agglutinative) —e— Hungarian (Agglutinative)

—— Hindi (Fusional)
—— Indonesian (Agglutinative)

Morphological F1 Score

40% 60% 80%

% Pretraining Steps

20% 100%

Figure 2: Evolution of morphological alignment (F1-score)
of tokenizer-free approach SSLM shows that agglutinative lan-
guages show larger fluctuations compared to other languages.

converges to comparatively much lower F1-score
(=0.3). Interestingly, the tokens reach mid-range
alignment, but then regresses to a lower alignment.
This is observed in both Tamil and Indonesian. Hun-
garian also shows similar trends like Tamil, but
converges to higher alignment following another
fluctuation. English, on the other hand, reaches
a stable, mid-range alignment (~0.5) without any
major fluctuations. This may reflect its relatively
simple morphology.

We identify and list candidate data-points from
morphscore dataset (see Table 2), which depicts
the overall trend. For Analytic and Fusional lan-
guages, we observe how quickly the jointly learned
tokenizer identifies the morphemes. In English, it
instantly progresses from nonsensical split (“rea
ping”, at step 2200) to a perfect morphologically
aligned segment (“reap ing”, at step 2950). Sim-
ilarly in Hindi, it converges to a stable segmenta-
tion (“W+ﬁ:|'+3ﬁ”, at step 800) capturing the
core semantic units. This implies that in languages
where word structures are comparatively less com-
plex, it converges on a stable “lexicon” of subwords.
However, in Agglutinative languages such as Tamil,
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—e— English (Latin) —— Hebrew (Hebrew) —— Hindi (Devanagiri)

Tamil (Dravidian) —— Hungarian (Latin) —— Indonesian (Latin)

Exponence

0% 20% 40% 60% 80% 100%
% Pretraining Steps

(a) Contextual Exponence

—e— English (Latin) —+— Hebrew (Hebrew) *— Hindi (Devanagiri)
Tamil (Dravidian) —— Hungarian (Latin) —— Indonesian (Latin)

Ay

Effective Vocabulary Size

0% 20% 40% 60% 80% 100%
% Pretraining Steps

(b) Effective Vocabulary size

Figure 3: Evolution of number of distinct neighbouring tokens
(i.e., contextual exponence) and effective vocabulary size of
tokenizer-free approach SSLM shows a script-wise similar-
ity. Latin languages saturates at lower contextual exponence
through higher effective vocabulary size.

it reaches a perfect alignment (“@J@Hj;g,]”, at step
450), but then converges on an inaccurate split
(“67_I+@di3&j)+ ™ at step 7150), implying that the
jointly learned tokenizer found it beneficial to trade-
off morphological alignment in such languages.

Intrinsic Properties

We perform similar analysis for intrinsic properties
such as contextual exponence and effective vocabu-
lary size on test split.

Findings: Figure 3a and 3b reveal script-wise
similarities in dynamics. Latin-script languages
such as English, Hungarian, and Indonesian show
largest effective vocabulary sizes, reaching between
14,000 to 15, 500 unique tokens. This suggests that
jointly learned tokenizer combines frequent charac-
ter sequences into larger dedicated units to optimize
contextual efficiency. We thereby see a steep drop
in contextual exponence in these languages.

Among the subset of languages here, non-Latin
languages such as Tamil and Hindi show smaller ef-
fective vocabulary size and higher contextual expo-
nence. This suggests that jointly learned tokenizer
prefers to learn a small, flexible set of fundamental
morphemes rather than memorizing long, specific
wordforms in such scripts. Dravidian-script lan-

guages such as Tamil combine many parts together,
so one learned subword can still work with many
different neighboring units because words often
have many added affixes. This is observed through
higher contextual exponence and lower vocabulary
size. In contrast, Hebrew reaches its stable effec-
tive vocabulary size much earlier than other scripts.
This shows again the ability of jointly learned to-
kenizers to quickly identify the root-and-pattern
(introflexive) structures inherent in the script.

4.2 Q2: What tokens are learned?

In this section, we evaluate both fokenizer-free ap-
proaches’; H-Nets and SSL.Ms; and compare them
with fixed-tokenizer approaches mentioned in § 3.2.
We focus on metrics listed in Table 14 of Appendix.
Note: H-Nets and SSLMs can, by design, produce
fundamentally different types of tokens; H-Nets can
produce cross-tokens (or superwords) frequently,
while SSLMs are bounded to produce only sub-
words. This is reflected in the further results and
discussions.

Morphological Alignment

Findings: As observed in figure 1, we identify a
substantial difference among tokens produced by
the two tokenizer-free approaches. SSLMs trade-
off computational efficiency for high linguistic fi-
delity, while H-Nets prioritize byte-level computa-
tional efficiency at the direct expense of morpho-
logical alignment. This can be observed by H-Net’s
low morphscore-F1 ranging below 0.1 across all
languages. On the other hand, joint optimization ap-
proach (i.e., SSLM) showcase significantly higher
alignment ranging from ~ 0.26 in Telugu to = 0.65
in Hindi. Notably, SSLMs show consistently higher
alignment as compared to popular subword algo-
rithms such as BPE or WPC, even converging to
the most aligned tokens in languages such as Malay-
alam and Turkish. However in other languages it
tends to align less compared to approaches such
as ULM, MorphULM, MYTE, or Morfessor. In
Hebrew, despite such fixed-tokenizer approaches
providing nearly perfect alignment with morphol-
ogy, SSLMs show comparatively lower alignment
(= 0.63). These findings suggest that the desir-
able morphological alignment of jointly learned
tokenizer is indeed dependent on a language’s mor-
phological properties.

“We consider the tokens corresponding to the best check-
point, i.e., the checkpoint corresponding to the least validation
loss.
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Figure 4: Intrinsic evaluation (fertility, contextual exponence,
and mean token length) of fokenizer-free approaches (SSLMs
and H-Nets) and fixed-tokenizer approaches. Tokenizer-free
approaches show comparatively higher fertility and lower con-
textual exponence. Mean token length of H-Nets are signifi-
cantly higher for non-Latin languages.

Intrinsic Properties

Findings: As observed in figure 4a, both tokenizer-
free approaches exhibit higher fertility than fixed-
tokenizer baselines, especially in agglutinative lan-
guages such as Malayalam, Tamil, and Telugu; this
effect is strongest in H-Nets (x5.0 to 5.5), while
analytic or fusional languages remain below ~2.0.

Across languages, fokenizer-free approaches con-
sistently yield lower contextual exponence than
fixed-tokenizer methods (see figure 4b), with
SSLM and H-Net averaging fewer than 75 neigh-
bouring tokens. This likely arises because mini-
mizing language-modeling loss favors units with
more predictable grammatical roles and fewer valid

neighbours, improving semantic quality and down-
stream performance (Yehezkel and Pinter, 2023).

Interestingly, mean token length reveals strong
divergence between tokenizer-free approaches (see
figure 4c¢), especially across scripts. In non-Latin
languages, H-Nets produce exceptionally long to-
kens (=17 to 18.5 characters), likely because either
data-dependent boundary prediction favors long
phrases to minimize byte-level loss or struggles to
identify boundaries in complex scripts. In contrast,
SSLMs and most fixed tokenizers maintain shorter,
stable lengths (~2.5 to 5.0 characters) which follows
from its design of explicit maximum token-length
constraints.

4.3 Q3: How similar are the learned tokens?

We measure pairwise Jaccard overlap on the test
split to compare tokens learned by tokenizer-free
and fixed-tokenizer approaches across language

typologies. Figure 5 shows the corresponding
heatmap.
Findings: H-Nets exhibit near-zero overlap

with fixed tokenizers across typologies, indicating
that end-to-end data-dependent boundary predic-
tion learns token sets fundamentally different from
frequency-based subword methods by prioritizing
byte-level sequence efficiency over standard sub-
word boundaries. SSL.Ms, on the other hand, show
comparatively higher (though still low) overlap with
fixed tokenizers, particularly with frequency-based
methods such as BPE and WPC; the strongest sim-
ilarity occurs between SSLLMs and BPE variants
across all typologies. Overlap is lowest for aggluti-
native languages (~0.12 to 0.18 Jaccard), suggesting
that productive morphology generates many pos-
sible subwords, encouraging joint optimization to
learn smaller atomic morphemes while fixed tok-
enizers merge them into larger but linguistically
arbitrary units. BPE, BPE-dropout, PathPiece, and
MorphBPE form a high-overlap cluster (greater
than 0.80 Jaccard), indicating that changes to pre-
tokenization or inference do not fundamentally al-
ter learned vocabularies. In contrast, SaGe shows
lower overlap, suggesting that prioritizing contex-
tual exponence substantially changes the vocabu-
lary.

4.4 Q4: Are the learned tokens better?

To determine if these fundamentally distinct to-
kens learned through tokenizer-free approaches
improve language understanding, we analyze the
downstream performance of BERT (Devlin et al.,
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Figure 5: Jaccard token overlap between tokenizer-free approaches such as SSLM and H-Net, and fixed-tokenizer approaches
on the test split. The lower triangle of the heatmap denotes the Jaccard overlap, while the upper triangle denotes the standard

deviation of the overlap.
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Figure 6: Variation in the validation perplexity of BERT models during pretraining. Models trained with tokenizers using SSLM

as pretokenization consistently achieve the lowest perplexity.

2019) models pretrained with each tokenizer and
finetuned for the tasks listed in § 3.3, with results
reported in Table 3. As noted, tokenizer-free ap-
proaches do not have a fixed vocabulary, while
BERT models require static, fixed, pre-defined
vocabulary. Therefore, we use tokenizer-free ap-
proaches!? as pretokenization and learn a standard
fixed tokenizer on the pre-segmented corpus. This
approach fixes the model architecture and provides
a fair downstream comparison. We refer to these
with prefix SSLM, i.e., SSLM-BPE, SSLM-ULM,
and SSLM-WPC.

Findings: As illustrated in Figure 6 and sum-

10We avoid considering pretokenization with H-Nets, as it
is observed that it mostly segments at whitespaces and it is
not straightforward to limit and fix its vocabulary due to its
cross-token flexibility.

marized in Table 4, tokenizer-free approaches con-
sistently achieve the lowest validation perplexity
across all three evaluated languages and converge
earlier compared to fixed tokenizers. Only in Hindi,
we observe SaGe outperforming fokenizer-free ap-
proaches with nearly perfect perplexity of 1. This
improvement in perplexity is even more pronounced
as compared to other pretokenization-based modifi-
cations such as that of Morfessor. We also observe
that Telugu has the highest perplexity without pre-
tokenization, but the lowest perplexity when the
tokenizer-free SSLLM is used for pretokenization.
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Tokenizer \ Sentiment Analysis (Acc) POS Tagging (F1) Named Entity Recognition (F1)  Dependency Parsing (LAS)
Language eng_latn tel_telu hin_deva ‘ eng latn  tel_telu hin_deva ‘ eng latn tel_telu hin_deva ‘ eng_latn tel_telu hin_deva
Standard Algorithms
BPE 85.55 62.85 76.67 95.09  88.41 97.15 89.98 94.72 90.69 75.64 66.31 88.20
UnigramLM 83.61 64.88 77.63 95.11 89.72 97.20 89.61 94.80 91.08 75.95 68.88 88.73
‘WordPiece 84.86 65.91 76.10 9522 89.51 97.34 88.37 95.33 90.73 78.11 66.31 88.63
Contextual Algorithms
SaGe | 8532 63.22 73.61 | 91.68  81.99 91.67 | 8332 91.88 8832 | 62.17 55.14 70.07
Inference Modifications
BPE-dropout 80.28 62.66 72.85 93.06  83.50 95.37 84.70 92.78 89.41 68.38 59.06 83.47
PathPiece 84.75 64.32 77.06 9227  87.10 95.08 83.89 92.62 87.04 62.76 58.76 77.47
Vocabulary Modifications
PickyBPE | 73.16 6044 5870 | 7874  76.57 7154 | 6896  88.61 8427 | 4996 4577  56.66
Cross-token Algorithms
BoundlessBPE 83.49 65.25 75.14 91.98  83.50 95.25 84.84 93.62 87.15 61.65 57.55 78.08
SuperBPE 83.83 64.51 74.76 93.82  85.17 96.17 88.93 93.05 88.21 68.32 62.69 80.85
Pre-tokenization using Morfessor
MorphBPE 86.24 63.96 76.10 95.18  89.12 97.24 90.63 94.66 91.02 75.56 69.18 88.11
MorphULM 85.89 66.91 77.06 95.28  89.38 97.33 90.03 94.90 90.52 75.28 69.03 88.24
MorphWPC 87.38 67.28 7591 95.26  90.03 97.23 88.10 94.95 90.75 77.65 69.03 88.35
Pre-tokenization using SSLM
SSLM-BPE | 85.66® 64.700 77.06® | 95099 88.42® 97.18® | 88.93® 94382  91.03® | 7490® 66770 87.47®
SSLM-ULM | 84179 63400  76.10® | 9506® 90170 97.16® | 88.88® 94.58® 91302 | 73352 68.58® 86.952
SSLM-WPC | 84750 65259 74380 | 9495©  90.102 97.17D | 87.052 94.84®  91.41D | 76.78° 68.73® 87519

Table 3: Downstream performance of 12M-parameter BERT models trained with different tokenizer variants. Best results for
each task-language pair are in bold; superscripts denote tokenizer ranks with SSLM pretokenization. Scores are averaged over
three finetuning runs (seeds 42, 43, 44). We report accuracy for Sentiment Analysis, F1 for POS tagging and NER, and LAS for
Dependency Parsing. Variants improved by SSLM pretokenization are underlined.

Pretokenizer eng_latn tel_telu hin_deva
None 9.84 9.92 7.23
SSLM 3.81(]61.3%)  2.92(]70.6%)  3.96 (|45.2%)

Table 4: Aligning tokens learned by fixed-tokenizer ap-
proaches with that learned by SSLM through pretokenization
significantly reduces the perplexity, showcasing improvement
in language modeling. The scores are averages of perplexities
across BPE, ULM, and WPC.

The downstream results (see Table 3 above) show-
case the practical implications of each approach.
Despite having fundamentally distinct vocabulary,
tokenizer-free approaches remain competitive. In
contrast, the performance of many modified fixed-
tokenizer approaches such as SaGe, PickyBPE, and
BPE-dropout remains inconsistent and often signif-
icantly lower across different tasks and languages.
Notably, SSLM-ULM achieves the highest F1-score
for POS tagging in Telugu (90.17%), while SSLM-
WPC achieves highest for NER in Hindi (91.41%).
Pretokenization with Morfessor remains the best
performing approach overall. It consistently im-
proves the performance over standard approaches.
Overall, the results suggest that jointly learned tok-
enizers learn meaningful tokens that transfer effec-
tively to downstream NLP tasks.

We additionally perform an ablation study across
different model scales and observe consistent trends.
SSLM-based pretokenization continues to achieve

lower validation perplexity and competitive down-
stream performance across scales, although the rel-
ative gains reduce slightly for larger models. De-
tailed experimental setup, hyperparameters, and
complete results are provided in the § A of Ap-
pendix.

5 Conclusion

In this work, we showed that jointly learned tok-
enization fundamentally changes the structure and
behavior of learned tokens across typologically di-
verse languages. In particular, SSLMs learn more
morphologically aligned and contextually efficient
segments than standard frequency-based tokenizers,
while H-Nets prioritize byte-level efficiency and
produce substantially different token structures. Al-
though morphology-aware pretokenization remains
the strongest overall approach, SSLM-based pre-
tokenization consistently improves corresponding
tokenizer families and achieves competitive down-
stream performance without relying on external lin-
guistic resources. Overall, our findings show that
jointly optimized tokenizers can learn linguistically
meaningful token structures that remain effective
for downstream NLP despite having substantially
different vocabularies from standard tokenization
approaches.
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Code and Data Availability

Code and artifacts for this work are publicly
available at github.com/SakethReddyVemula/
what-tokens-are-learned. Therelease includes
the tokenizer training, evaluation, and analysis
pipeline, together with the trained tokenizers and
the raw per-metric results underlying every table
and figure reported above. The README of the
repository links all remaining artifacts, including
the training corpora, the pretrained SSLM, H-Net,
and BERT checkpoints, the pre-segmented corpora,
and the companion repositories used to train the
tokenizer-free models.

Limitations

While we do our best to handle confounding fac-
tors such as dataset sizes, model sizes, and other
experimental setup, a few limitations remain:

1. Model and dataset sizes: We focused on span-
ning an extensive set of tokenization approaches,
languages, and their combinations. Therefore,
our analysis was limited to models and dataset
at relatively smaller scale. For instance, we
limit tokenizer-free LMs to 3M parameters and
dataset of 250,000 sentences. Downstream eval-
uation was performed on BERT models at 12M
parameters and dataset of 10M sentences. Al-
though we perform an ablation study with
and SSLM-BPE tokenization approaches, we
leave scalability analysis of our findings as fu-
ture work. In this work, we trade-off model and
dataset sizes for larger coverage of languages
and tokenization approaches.

2. Generalizability of downstream results: For
every combination of tokenization approach and
language, we had to pretrain a model. Hence,
our downstream evaluation was limited to three
typologically distinct languages: English, Hindi,
and Telugu. We do not evaluate downstream
performance across all 18 languages, in order
to keep computational cost manageable. We fo-
cus on evaluating all tokenization approaches
for these selected languages in a controlled ex-
perimental setting.

3. Hyperparameters of tokenizer-free LMs: We
do not sweep over certain hyperparameters of
tokenizer-free LMs, for example, maximum to-
ken length in SSLM. We fix them following
heuristics from previous works, since sweeping

over these hyperparameters require significant
computation resources, which we limit.

Ethics Statement

This work focuses on the analysis of tokenization
strategies across languages and does not involve hu-
man subjects or the use of sensitive personal data.
All experiments are conducted on publicly available
text corpora. However, differences in dataset qual-
ity, and linguistic coverage across languages may
introduce biases that affect the observed behavior
of tokenization methods.
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A Ablation Study: Model Scale

In our downstream evaluation, we fix the size of
BERT models at approximately 12M parameters.
This was scaled accordingly with respect to the data
size of 10M sentences. Here, we perform an abla-
tion study by changing the size of our models while
keeping the data size same. We perform additional
evaluation of BERT models at approximately 2M
and 30M parameters. To limit the computational
resources, we limit our analysis to two tokeniza-
tion approaches: and SSLM-BPE. This allows
us to focus on the effect of pretokenization using
tokenizer-free approach SSLM.

Perplexity vs. Model Size

—®=— English
—m— Hindi
A= Telugu

301

25 4 o = BPE
== = SSLM-BPE

N
o
L

Validation Perplexity
=
v

=
o
L

oM 5M oM 15M 20M 25M 30M
Model Size (in million parameters)

Figure 7: Validation perplexity of BERT models at differ-
ent scales. Aligning tokens with tokenizer-free approaches
through pretokenization consistently results in lower perplex-

ity.

Findings: As observed in Figure 7, models
trained using SSLM as pretokenization consistently
show lower perplexity across all model sizes. How-
ever, as model size increases, the improvement sat-
urates. This indicates that SSLM-BPE generally
provides more efficient language modeling. We also
perform evaluation on downstream tasks at different
scales. The results are listed in Table 5 and plotted
in Figure 8. Across all three languages, SSLM-BPE
often matches on downstream tasks such as
POS tagging and NER. We observe that whenever
model benefits with larger size, the gap between
SSLM-BPE and reduces, especially for POS
tagging and NER tasks. Note: Our tokenizer-free
LMs were trained 250,000 sentence corpora, rather
than on the entire 10M sentence corpora which we
use for downstream evaluation. This was due to
high computation requirement of such models (ap-

proximately 10x slower than transformers). We
leave further scaling analysis accounting for these
factors as our future work.

B Hyperparameters & Experimental
Setup

B.1 H-Nets

Table 6 details the primary hyperparameter con-
figurations used for pretraining the Hierarchical
Network (H-Net) models across all evaluated lan-
guages. The model employs a structural layout of
m at the bottom level and 7 at the top level, uti-
lizing an embedding and hidden dimension of 256
for both levels. The bottom level (m;) operates
purely without an FFEN block, while the top level
(T>) uses an intermediate feed-forward dimension
of 640. This setup operates directly on byte se-
quences (vocabulary size of 256) and results in a
lightweight model with approximately 3M parame-
ters. We trained the model using an AdamW opti-
mizer (with 81 = 0.9, 82 = 0.95) and a batch size
of 128 for a maximum of 70 epochs. Optimization
was guided by a cosine learning rate scheduler with
a peak base learning rate of 3 x 10~% after an initial
10% linear warmup phase. To prevent overfitting,
early stopping was employed with a patience of 5
epochs alongside a weight decay of 0.01. The H-
Net specific structural compression constraints were
maintained constantly throughout training, with the
ratio loss scale set to 1.0 and zero warmup com-
pression epochs.

B.2 SSLMs

Table 7 details the comprehensive set of hyperpa-
rameters utilized during the pre-training of our Sub-
word Segmental Language Models (SSLLMs) across
all evaluated languages. We adopted a lightweight
Transformer decoder architecture tailored to sub-
word segmental modeling, bringing the total param-
eter count to 2,105,836. Key architectural adjust-
ments include scaling down the number of layers,
embedding dimensions, and feed-forward dimen-
sions to ensure fast and efficient training with a
limited parameter budget. The maximum segment
length was constrained to 5 spatial units to balance
compositional flexibility and computational over-
head. Optimization was performed using the Adam
optimizer coupled with an inverse square root learn-
ing rate scheduler and a linear warmup phase.
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Model Scale \ Sentiment Analysis (Acc) POS Tagging (F1) Named Entity Recognition (F1) Dependency Parsing (LAS)
Language eng latn  tel_telu  hin_deva ‘ eng latn  tel_telu hin_deva ‘ eng latn  tel_telu hin_deva ‘ eng latn  tel_telu hin_deva
Standard Algorithm: BPE
2M 71.75 59.15 65.97 89.16  62.22 92.57 70.79 86.15 75.90 54.78 56.04 74.12
12M 85.55 62.85 76.67 95.09 88.41 97.15 89.98 94.72 90.69 75.64 66.31 88.20
30M 88.42 65.43 78.01 9597  92.82 97.64 91.65 95.66 91.91 80.29 72.96 90.44
Using SSLM as pretokenization: SSLM-BPE
2M 76.95 59.89 58.89 88.05 61.76 91.28 56.18 83.37 76.61 50.99 53.62 72.38
12M 85.66 64.70 77.06 95.09 88.42 97.18 88.93 94.38 91.03 74.90 66.77 87.47
30M 86.01 64.70 78.01 96.13  92.78 97.45 91.59 95.70 92.72 80.20 70.09 89.88

Table 5: Downstream performance of BERT models at different scales trained with tokenizers BPE and SSLM-BPE. Best
results for each task-language pair are in bold. Scores are averaged over three finetuning runs (seeds 42, 43, 44). We report
accuracy for Sentiment Analysis, F1 for POS tagging and NER, and LAS for Dependency Parsing. Variants improved by SSLM

pretokenization are underlined.

Hyperparameter Value
Model Architecture
Architecture Type H-Net
Total Parameters ~3M
Architecture Layout m1T2
Embedding Dimension 256
Feed-Forward Dimension 640
Attention Heads 4
Optimization Setup
Optimizer AdamW
Adam B1, B2 (0.9,0.95)
Learning Rate 0.0003
Learning Rate Scheduler Cosine
Warmup Ratio 10% of total steps
Weight Decay 0.01
Max Epochs 70
Early Stopping Patience 5
H-Net & Data Configuration
Vocabulary Size (Bytes) 256
Max Sequence Length 4096
Batch Size 128
Ratio Loss Scale 1.0
Warmup Compression Epochs 0

Table 6: Hyperparameter configurations and approximate
parameter count for the Hierarchical Network (H-Net) pre-
training phase.

B.3 Fixed-tokenizer Variants

To ensure a fair and comprehensive comparison
across different tokenization strategies, we standard-
ized the training hyperparameter configurations
where applicable, while setting strategy-specific
parameters to their best-known or recommended
values.

Global Settings All tokenizers were trained
across three final target vocabulary sizes: T €
{5000, 10000, 20000}. For tokenizers relying on
the SentencePiece library (e.g., standard BPE, Uni-
gram, and PathPiece), the character coverage param-
eter was explicitly set to 1.0 (100%) to prevent any
heuristic character dropping and uniformly ensure

Hyperparameter Value
Model Architecture

Architecture Type Transformer SSLM

Total Parameters ~2M

Decoder Layers 3

Embedding Dimension 128
Feed-Forward Dimension 512
Attention Heads 4
Optimization Setup
Optimizer Adam
Adam 1, B2 (0.9,0.98)
Learning Rate 0.0005
Learning Rate Scheduler Inverse Square Root
Warmup Updates 1000
Initial Warmup Learning Rate 1x10°7
Weight Decay 0.01
Gradient Clipping Norm 0.0
Dropout 0.1
Max Epochs 25
Early Stopping Patience 2
SSLM & Data Configuration
Max Segment Length 5
Lexicon Max Size 10000
Tokens Per Sample 512
Max Tokens 16384

Table 7: Hyperparameter configurations and parameter count
for the lightweight Subword Segmental Language Model
(SSLM) pre-training phase.

complete representation of the datasets’ alphabets.
We consider fixed-tokenizer variants with final vo-
cabulary size of 10, 000 for a fair comparison with
SSL.Ms with initial lexicon of size 10, 000.

Standard Subword Architectures For Word-
Piece, we utilized the HuggingFace tokenizers li-
brary, configuring it with NFKC Unicode normal-
ization and lowercasing. Pre-tokenization was han-
dled via a standard whitespace split, and the continu-
ation prefix was assigned as “##”. The standard spe-
cial tokens strictly enforced were [UNK], [CLS],
[SEP], [PAD], and [MASK]. Standard BPE and
UnigramILM models relied on SentencePiece de-
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Figure 8: Performance of BERT models across model scales on sentiment analysis, POS tagging, NER, and dependency parsing.

faults beyond the mandatory complete character
coverage.

SuperBPE Following the two-stage subword ac-
quisition strategy of SuperBPE, the base vocabulary
size (the transition limit 7 between stage 1 and stage
2) was configured at ¢ = 4000 when final vocabu-
lary size desired was T = 10000, and ¢ = 10000
when T = 25000 (i.e., T =t X 2.5, as found in Liu
et al. (2025)).

BoundlessBPE For BoundlessBPE, the T param-
eter, managing the trade-off threshold, was set to
0.9. The vocabulary pruning recalculation inter-
val was configured to occur every 1000 iterations
(recalc = 1000). We utilized the ultimate?2 reg-
ular expression split pattern constraints, taking ad-
vantage of the active vocabulary blowup tolerance

(blowup = 1).

PickyBPE The intersection-over-sequence
threshold regulating token acceptance in PickyBPE
was strictly confined to 0.9.

Morphologically-Informed Tokenizers (Mor-
phBPE, MorphULM, MorphWP) To create to-
kenizers aligned with linguistic boundaries, an un-
supervised Morfessor Baseline model was first
trained on the raw corpus to dictate morpholog-
ical decisions. Texts were pre-tokenized along
the predicted morphological seams, creating a
pseudo-corpus separated by whitespace. The subse-
quent BPE, Unigram, and WordPiece counterparts
(MorphBPE, MorphULM, and MorphWP) were
exclusively trained on this constrained configura-
tion, forcing the statistically induced vocabularies
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to respect Morfessor’s proposed boundaries.

B.4 Downstream Evaluation

As discussed, we perform downstream evaluation
by pretraining BERT (Devlin et al., 2019) models
and later finetuning them on each task. Table 8
lists the hyperparameters we used while pretraining
BERT models. Similarly, Table 9 lists the hyperpa-
rameters while finetuning for each task.

We describe our downstream tasks as follows:
POS tagging: Involves assigning a grammatical
category such as noun, verb, adjective, to each word
in a sentence. It involves reasoning through both
the definition of the word and its context. We con-
sider the class of word as the class corresponding
to its first subword. We use Universal Dependency
(UD) treebanks (Nivre et al., 2020) via Hugging-
Face universal dependency dataset: en_ewt for En-
glish, te_mtg for Telugu, and hi_hdtb for Hindi.
Labels are drawn from the 17 universal POS tags
(upos). Performance is measured with weighted-
average F1-score.

Sentiment Analysis: This tasks involves determin-
ing the sentiment of a sentence, e.g., positive, nega-
tive, or neutral. We use ACTSA (Annotated Corpus
for Telugu Sentiment Analysis) dataset for Telugu
(Mukku and Mamidi, 2017), IITP Product Review
dataset (Akhtar et al., 2016), and SST-2 dataset
from GLUE benchmark (Wang et al., 2018).
Named Entity Recognition (NER): This tasks in-
volves identifying and classifying named entities
into predefined categories such as persons, organi-
zations, locations, etc. We use CoNLL NER dataset
(Tjong Kim Sang and De Meulder, 2003) for En-
glish, and WikiAnn dataset (Pan et al., 2017; Dod-
dapaneni et al., 2023). WikiAnn consists of coarse
grained labels as follows: Person (POS), Organiza-
tion (ORG), and Location (LOC). Whereas, CoNLL
NER contains an additional Miscellaneous (MISC)
tag.

Dependency Parsing (DP): This task involves ana-
lyzing the grammatical structure of a sentence by
identifying the relationship between head words
and their dependents. We again use Universal De-
pendency (UD) treebank dataset (Nivre et al., 2020).
We report Labeled Attachment Score (LAS) (Nivre
and Fang, 2017).

Hyperparameter Value

Model Architecture
Architecture Type BERT
Total Parameters ~2M / ~12M / ~30M
Hidden Layers 3/6/8
Hidden Dimension 128 /384 /512
Feed-Forward Dimension 51271024 /2048
Attention Heads 4/6/8

Max Position Embeddings 128

Activation Function gelu
Regularization

Attention Dropout 0.1

Hidden Dropout 0.1

0.01/0.02/0.02
1x10712

Initializer Range
Layer Norm e

Pre-Training Configuration

Pre-Training Objective Masked LM
MLM Masking Probability 0.15
Sequence Length 128
Max Epochs 5
Early Stopping Patience 1

Table 8: Architecture and pre-training configurations for the
three BERT model scales (2M / 12M / 30M). Where values
differ across scales, they are listed in order from smallest to
largest model.

Hyperparameter Value
Train batch size 32

Eval batch size 32

Epochs 3 for GLUE

10 for ACTSA-TE, Dep. Pars-
ing, ITP-PR, NER (CoNLL),
POS, Wiki-NER

Learning rate 2e-5

LR schedule Linear warmup

Warmup ratio 10% of steps
Weight decay 0.01

Adam € le-8

Adam 1 0.9

Adam B2 0.999

Max sequence length 128
Precision FP16

Table 9: Hyperparameters used for fine-tuning BERT across
all downstream tasks.
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——Finnish —— Croatian Kyrgyz Sindhi
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Figure 9: Evolution of Morphological Alignment (F1-score)
in Transformer-based Subword Segmental Language Models
(SSLM).
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English Hebrew Hindi Tamil Hungarian Indonesian
Bangladeshis mbbi e} f%'!%\_a@l?f{}r QHIHSHs zeneszerzGzseniket kehabisan
Bangladeshi s [=hi Rk} T T Qe & zeneszerzGzseni ket ke habis an

Segmentation Fl  Segmentation  FI Segmentation Fl1 Segmentation Fi1 Segmentation F1  Segmentation  FI
Ba ngl ades his 0 o™ 113Mm 0 %?{a:ﬁa{aﬁ 0 Q& (&5 0 zene szerz 6z sen iket 0 keha bisa n 0
Bangladeshis 0.5 =N A=A 0.67 %ﬂaﬁa{zr T 033 Q&L = s& 0.67 zeneszerzGzseniket 0.29 ke habisan 0.8
Bangladeshis 0.5 =R = | 0.5 E?[ 2\'& T T 033 Qe (58 0 zene szerz 6 zs en ik et 0 keha bis an 0.5
Bangladeshis 05 D 1D™ 05 fSHErmE T 04 Qa1 (5 0  zeneszerzGzseniket 033  kehabisan 0.5
Bangladeshis 0.5 [=hi = | 0.5 f%?[af‘rs{a'( T 04 Qg O&s 0 zene szerz G zs eni ket 0.33 keha bis an 0.5

meadowlarks [mpiiaplamb} e (-t\(l(i Gu@ég,j megtorténhetésének disucikan
meadowlark s i Ap[amb] A i sl &,gﬂ megtorténhetés ének di suci kan

Segmentation F1  Segmentation  FI Segmentation F1 Segmentation Fl Segmentation Fl  Segmentation  FI
meadowlarks 0 o2l 0 = =T g 0 A g 1 megt ortén he té sének 0 dis uci kan 0.5
meadow larks 0.5 D wiwal 05 IEHETTIT 05 bl &8 | megtorté nhetésének 04  disucikan  0.80
mea dow larks 0.5 o ewalr 0.67 Tﬁfﬂ:l: T T 0 aul E_;sgjj 1 meg torté nhet ésé nek 0 dis uci kan 0.5
meadowlarks 0.5 DU'wiwal 04 W ET T 05 bl &g ™ 0.67 meg torté nhet és ének 033  disucikan 0.5
meadow larks 0.5 DU'wiwal 04  ISWEETTIT 05 abl &g 0.67 megtorténhetésének 033  disucikan 0.5

eschewing DITOLING EAUSES] B 666GV szavazatabol kegigihan
eschew ing galioluah gal ] 6T6V6EDE L) szavazat abol ke gigih an

Segmentation F1  Segmentation  FI Segmentation F1 Segmentation Fl Segmentation F1  Segmentation  FI

es che wing 0  mran;Ny 0 QT aq atT ar 0 6T606m60 L1 1 szav azat 4bol 0.67  keg igi han 0

esc hew ing 0.67 MT2WIND 04 wa?[aﬁ'q’ Ey 0.5 6TEUETEN LI © 0.67 szava zat b6l 0.67 kegigihan 0.67
esc hew ing 0.67 NTRWYRD 0.67 S'TI?FE']%? £ 0.4 6T UEDEULLI 0 sz avaz ata bol 0 ke gigihan  0.67
esc hew ing 0.67 712N 0.4 gma’ﬁﬁ* T 0.4 6T QUEmAUILI 0 sz avaz at abol 0.5 ke gigihan  0.67
esc hew ing 067 MrI2WIRD 04 JTaacT faz % 0.4 6T6UEDe0 LI 0.67 sz avaz at 4bol 0.5 kegigi h an 0.4

Veterans 0UOR™TR W\{E‘I SSTHI UEOL 6OWIEF tartozdsanak perumahan

Veteran s [=ARPR AN T f U6OL 60WE tartozds dnak pe rumah an

Segmentation FI  Segmentation  FI Segmentation FI Segmentation FI Segmentation FI  Segmentation  FI

Ve ter ans 0 O8N 0 R T ST AT 0 L6OL 60WE 1 tar tozds dnak 0.67  per uma han 0
Veterans 0.5 DVORTTR 0.67 ‘{Tﬁ‘l’q C 0.5 U6OL 60WIE 1 tarto zds dnak 0.67 = pe rumah an 1
Veterans 067 D'ONTTR 067 TWEASIFIT 05 UEDL 60WE 1 tarto zds4 nak 0  perumahan 0.5
Vet eran s 0.67 D'ORTTN 0.67 T{'Fd'q ot 0.5 U 6L 6o 0.67 tarto zds dnak 0.67 perumahan 0.5
Veterans 067 £ 9%7® 05 RS m T 05 U DL 6o 0.67 tarto zds nak 0.67 perumahan 0.5
roasted DRI LSIEELE @L;L(z?lsu@éaail atrocitdsok bergabung
roast ed ORI LSIEERNG) (PeQeu® Sl atrocitds ok ber gabung

Segmentation FI  Segmentation  FI Segmentation FI Segmentation Fl1 Segmentation FI  Segmentation  FI

roa sted 0 R 0 EATES . | 0.67  (igeu Q' ([H\& & 0 atr oci tdsok 0 berg abung 0

roast ed L0 ORNMY 067 T OESLH 067 Y @&sL 05 atro c itds ok 04  bergabung  0.67
roast ed L0 OWNMY 067 FOARSH 05 Yew @ @&sU 05 a tro ¢ itds ok 04  bergabung  0.67
roast ed LO Ny 05 FOAMESIH 05 Yyl @ssU 0 a troc itds ok 0.5  bergabung  0.67
roast ed L0 DRy 05 & TES L’/ 0.67 Y@ G&BL 0 atroc itds ok 0.67 bergabung 0.5

Table 10: Evolution of segmentation of few more candidate wordforms produced by tokenizer-free approach SSLM with
morphological alignment F1-scores. English, Hebrew, and Hindi are fusional or analytical languages, while Tamil, Hungarian,

and Indonesian are agglutinative languages.
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Language IS0 639-3 1ISO 15924 Typology Family Group

Agglutinative
Finnish fin latn Agglutinative (with some Fusion) Uralic Finno-Ugric
Hungarian  hun latn Agglutinative (Suffixing) Uralic Finno-Ugric
Malayalam  mal mlym Agglutinative (Highly Synthetic) Dravidian Dravidian
Tamil tam taml Agglutinative (Highly Synthetic) Dravidian Dravidian
Telugu tel telu Agglutinative (Highly Synthetic) Dravidian Dravidian
Kyrgyz kir cyrl Agglutinative (Suffixing) Turkic Turkic
Turkish tur latn Agglutinative (Highly Productive Suffix- Turkic Turkic

ing)
Mongolian  mon cyrl Agglutinative (Suffixing) Mongolic Mongolic
Indonesian  ind latn Agglutinative (Reduplication-Heavy) Austronesian Malayo-Polynesian
Fusional
Sanskrit san deva Fusional (Polysynthetic Tendencies) Indo-European  Indo-Aryan
Hindi hin deva Fusional / Analytic (Split-Ergative) Indo-European  Indo-Aryan
Sindhi snd arab Fusional (Moderate) Indo-European  Indo-Aryan
Croatian hrv latn Fusional (Highly Synthetic) Indo-European  Slavic
Russian rus cyrl Fusional (Highly Synthetic) Indo-European  Slavic
Persian fas arab Fusional (Weakly Synthetic) Indo-European  Indo-Iranian
Analytic & Introflexive
English eng latn Analytic / Weakly Fusional Indo-European ~ Germanic
Swedish swe latn Analytic / Weakly Fusional Indo-European  Germanic
Hebrew heb hebr Introflexive (Non-concatenative) Afroasiatic Semitic

Table 11: Languages categorized by morphological typology. Grouping highlights the structural similarities in word formation
across different language families.

Language ISO 15924 BP #sentences #words  ASL #MS #MN  Data Source
Agglutinative

Finnish latn 1.0589051 432,422 4,532,824 1048 10172 3,745,139  NewsCrawl
Hungarian  latn 1.0199851 280,276 4,883,416 17.42 6350 1,044,996 NewsCrawl
Malayalam  mlym 2.8852389 438,501 4,053,859 9.24 131 - NewsCrawl
Tamil taml 2.7292892 397,206 4,216,313  10.61 1179 - NewsCrawl
Telugu telu 2.6198705 475,463 4,582,098 9.64 8092 - NewsCrawl
Kyrgyz cyrl 1.963557 410,075 5,154,290 12.57 4221 - NewsCrawl
Turkish latn 1.0444815 351,292 4,733,457 13.47 30076 - NewsCrawl
Mongolian  cyrl 1.8046135 623,147 5,719,249 9.18 - 16,221 NLLB
Indonesian  latn 1.1788023 371,710 6,252,116 16.82 2785 - NewsCrawl
Fusional

Sanskrit deva 2.5428913 857,298 5,159,696 6.02 16184 - NLLB
Hindi deva 2.3701629 427,015 6,936,484 16.24 1301 - NewsCrawl
Sindhi arab 1.5880165 614,055 7,258,014 11.82 3874 - NLLB
Croatian latn 0.9897218 309,090 5,652,252  18.29 7749 1,765,011 NewsCrawl
Russian cyrl 1.8228284 341,500 5,296,132 15.51 21569 1,414,063 NewsCrawl
Persian arab 1.6790492 444478 7,197,903 16.19 11859 - NewsCrawl
Analytic & Introflexive

English latn 1 250,000 6,249,150 25 3688 874,725  NewsCrawl
Swedish latn 1.0210256 492,345 6,002,549 12.19 6223 140,843 NLLB
Hebrew hebr 1.3555346 508,250 5,248,164 10.33 4641 - NLLB

Table 12: Comparative Statistics after byte-premium (BP) (Arnett et al., 2024) adjustments and Dataset Sources for Languages
Categorized by Morphological Typology. Abbreviations are BP: Byte-premiums, ASL: Average Sentence Length (in number
of words), #MS: Number of items in MorphScore (Arnett and Bergen, 2025; Arnett et al., 2025), #MN: Number of items in
MorphyNet (Batsuren et al., 2021), NLLB: No Language Left Behind (Team et al., 2022). “-” indicates the language is not
covered in MorphyNet.
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Method

Description

Standard Algorithms
Byte-pair Encoding (BPE) (Gage,
1994; Sennrich et al., 2016)

UnigramLLM (Kudo, 2018)

WordPiece (Schuster and Naka-
jima, 2012)

Greedy frequency-based merge algorithm that iteratively combines the most
frequent symbol pairs to construct a fixed subword vocabulary.

Probabilistic subword model trained via EM that selects a vocabulary maxi-
mizing corpus likelihood under a mixture model.

Likelihood-based subword segmentation used in BERT; greedily selects
merges that maximize training data likelihood.

Algorithmic Modifications
SaGe (Yehezkel and Pinter, 2023)

Morfessor (Smit et al., 2014)

Subword segmentation algorithm preferring units that occur in fewer distinct
contexts, encouraging morphological coherence.

Unsupervised morphology-inspired tokenizer that segments words into likely
morpheme-like units using a probabilistic model of subword structure.

Inference Modifications
BPE-dropout (Provilkov et al.,
2020)

PathPiece (Schmidt et al., 2024)

Subword regularization method that introduces stochasticity into the deter-
ministic Byte Pair Encoding process by randomly dropping merge operations
during training, allowing a model to observe multiple possible segmenta-
tions of the same word while remaining fully compatible with standard BPE
at inference time.

Lossless subword tokenizer that utilizes a directed acyclic graph (DAG) to
find the shortest path of tokens from a given vocabulary, thereby segmenting
a document into the minimum possible number of tokens.

Vocabulary Modifications
PickyBPE (Chizhov et al., 2024)

Performs vocabulary refinement during training by using the Intersection
over Self (IoS) metric to identify and remove intermediate “junk” tokens,
thereby improving vocabulary efficiency and reducing under-trained tokens
without compromising text compression.

Pre-tokenization Modifications
MorphBPE (Banerjee and Bhat-
tacharyya, 2018), MorphULM,
MorphWP

Incorporates morphological boundary detection into the pre-tokenization
stage prior to BPE learning, and similarly to UnigramL.M (i.e., MorphULM)
and WordPiece learning (i.e., MorphWP).

Encoding Modifications
MYTE (Limisiewicz et al., 2024)

Alternative byte-level encoding replacing standard UTF-8 handling to better
structure multilingual character representation.

Cross-token Algorithms
BoundlessBPE (Schmidt et al.,
2025)

SuperBPE (Liu et al., 2025)

Removes explicit word-boundary constraints, allowing merges across
whitespace-defined token limits.

Extends BPE to permit cross-boundary merges and improved vocabulary
utilization across token splits.

Table 13: List of Fixed-tokenizer approaches included in this study, organized by the stage at which they modify the tokenization
pipeline.
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Metric

Description

Requirements

What it Addresses

Coverage
Subword Fertility

Compression Rate
Token Frequency

Distribution

Token Length Distribution

Contextual Exponence

Effective Vocabulary Size

Average number of tokens
produced per word.

Ratio of raw text size to
tokenized sequence length.
Distributional profile of
token occurrences (e.g.,
long-tail vs. concentrated
usage).

Distributional profile of
tokens grouped by lengths
from a representative corpus

Number of distinct
neighbours each token
encounters (Yehezkel and
Pinter, 2023). We consider
only immediate
neighbourhoods in our
evaluation.

Total number of unique
tokens available in the
tokenizer vocabulary. For
tokenizer-free approaches,
we consider number of
unique tokens when a corpus
is segmented using it.

Tokenizer and representative
corpus.

Tokenizer and representative
corpus.

Token counts from a
representative corpus.

Vocabulary of tokenizer

Representative corpus and
its corresponding tokens

Trained tokenizer
specification or model.

Sequence length and basic
storage efficiency.

Storage and context window
efficiency.

Statistical balance of
vocabulary usage and
fragmentation patterns.

Granularity balance between
short and long tokens, which
affects efficiency and
segmentation behavior.
Degree to which the
tokenizer optimizes tokens’
contextual soundness

Memory footprint,
embedding-table size, and
granularity trade-offs.

Generalizability
Type-Token Ratio (TTR)

Ratio of unique token types
to total token occurrences in
a corpus sample.

Tokenized corpus with fixed
sample size (or
moving-window
normalization).

Lexical diversity and degree
of repetition; helps compare
whether a tokenizer yields
broader vs. concentrated
token usage.

Linguistic Alignment
Morphological Alignment

Divergence between token
segments and known
morphemes.

Morphological analyzer and
gold-standard data.

Linguistic fidelity and
grammatical preservation.

Robustness
Rényi Efficiency (Zouhar
et al., 2023)

Information-theoretic metric
penalizing skewed
distributions.

Token frequency data from a
corpus.

Statistical balance and
information density.

Table 14: Summary of Tokenizer Evaluation Metrics grouped by the proposed multidimensional framework in Alqahtani et al.

(2026)
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Finnish
Hungarian
Turkish
Indonesian
Croatian
English
Swedish
Kyroyz
Mongolian
Russian

Language

Sanskrit
Hindi
Sindhi
Persian
Malayalam
Tamil
Telugu
Hebrew

Finnish
Hungarian
Malayalam
Tamil
Telugu
Kyrgyz
Turkish
Mongolian
Indonesian
Sanskrit
Hindi
Sindhi
Croatian

Language

Russian
persian
English

Swedish
Hebrew

Finnish
Hungarian
Malayalam
Tamil
Telugu
Kyrayz
Turkish
Mongolian
Indonesian
Sanskrit
Hindi
sindhi
Croatian

Language

Russian
persian
English

Swedish
Hebrew
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Figure 10: Intrinsic properties of tokenizer-free approaches (H-Nets and SSLMs) compared to fixed-tokenizer approaches across
scripts and language typologies.
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