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Abstract

Subword tokenization is a standard technique for
pre-trained language models, mapping text into se-
quences of tokens from a fixed-size vocabulary.
Despite its widespread use, the impact of tokeniza-
tion algorithms and vocabulary sizes on down-
stream performance remains underexplored, par-
ticularly for low- and medium-resource languages,
where suboptimal configurations are difficult to
compensate with additional data. Prior studies
have mainly focused on high-resource languages,
individual tokenization algorithms, or fixed vo-
cabulary sizes, limiting their scope. In this pa-
per, we present a systematic evaluation of sub-
word tokenization strategies in six diverse low-
and medium-resource languages: Icelandic, Esto-
nian, Basque, Galician, Nepali, and Tajik. We pre-
trained monolingual TEAMS-Small models using
WordPiece, BPE, and Unigram tokenizers with vo-
cabulary sizes of 16k, 32k, and 64k, and addition-
ally compared byte-level and character-level tok-
enization for Icelandic. Evaluation on a benchmark
of NLP tasks revealed that Unigram tokenization
with a 64k vocabulary consistently outperformed
other configurations, with vocabulary size having a
greater impact on downstream performance than al-
gorithm choice. These gains were task-dependent,
with statistically significant improvements for part-
of-speech tagging, named entity recognition, and
question answering, but not for dependency parsing
and summarization. Finally, byte-level tokeniza-
tion provided no measurable advantage in a mono-
lingual setting, suggesting that its benefits are pri-
marily relevant for multilingual models.

1 Introduction
Subword tokenization addresses the challenge of handling
words that a model has never seen before. Unlike word-
level tokenizers, which treat each word as an indivisible unit,
subword tokenization breaks unfamiliar words into smaller,
known components. This approach is particularly beneficial
for morphologically rich languages, where corpora often con-

tain millions of unique word forms, many of which appear
only once.

A key advantage of subword tokenization is its ability to
maintain a fixed-size vocabulary while effectively represent-
ing an unlimited number of possible words. By decomposing
rare or unknown words into familiar subwords, this method
significantly mitigates the data sparsity issue inherent in tradi-
tional word-level tokenization. Models learn more efficiently
because they encounter each subword more frequently, re-
ducing, if not eliminating, out-of-vocabulary (OOV) words.
These benefits have made subword tokenization a standard
technique in pre-trained language models (LMs) [Sennrich et
al., 2016; Kudo, 2018; Devlin et al., 2019].

The vocabulary size, specified during training, directly in-
fluences how the tokenizer segments words. A smaller vo-
cabulary reduces memory requirements, but results in more
aggressive word splitting and longer token sequences. Con-
versely, a larger vocabulary preserves more complete words,
but requires more memory. Table 1 illustrates this trade-off
using an Icelandic news headline processed with WordPiece
tokenizers [Wu et al., 2016] trained on the Icelandic Giga-
word Corpus (IGC) [Steingrímsson et al., 2018] at different
vocabulary sizes.

Vocab. Tokenized text
8k Se·x·tíu flug·ferð·um afl·ýst

16k Sex·tíu flug·ferðum afl·ýst
32k Sex·tíu flug·ferðum aflýst
64k Sex·tíu flugferðum aflýst
96k Sextíu flugferðum aflýst

Table 1: Impact of vocabulary size on tokenizing the Icelandic head-
line Sextíu flugferðum aflýst (“Sixty flights canceled”) using Word-
Piece. The dot (·) denotes subword boundaries within words.

Although subword tokenizers aim to minimize the number
of splits, they may still encounter OOV words that must be
decomposed into the smallest available subwords. This could
involve breaking unknown words into individual characters.
However, since vocabulary size is limited, not all Unicode
characters can be included. When encountering sequences of
unseen characters that cannot be broken down into smaller
subwords, some tokenizers might replace them with a special
unknown token, significantly limiting the model’s ability to
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capture semantic information. This is especially common for
scripts that are absent or underrepresented in the training data.
For example, Unicode defines over 100,000 Chinese charac-
ters, several thousand of which see regular use. Including all
of them in a tokenizer’s vocabulary would be extremely inef-
ficient for models not primarily designed to process Chinese
text. As a result, many such characters are replaced by the
unknown token.

The need for the unknown token can be avoided altogether
by representing the minimal vocabulary using individual
bytes rather than characters. Any Unicode character can be
encoded as a sequence of one to four UTF-8 bytes, each tak-
ing one of 256 possible values, forming the smallest possible
vocabulary. This approach, popularized by RoBERTa [Liu
et al., 2019], has since been widely adopted by models
such as GPT-2 and its successors [Radford et al., 2019;
Brown et al., 2020; OpenAI, 2024].

In resource-constrained settings, tokenization choices have
a more pronounced impact, as there is less data to compensate
for suboptimal configurations. This makes tokenization par-
ticularly critical for low- to medium-resource languages. Ad-
ditionally, it is often argued that subword tokenizers should
ideally segment words along morphological boundaries, es-
pecially in morphologically rich languages. The reasoning is
that encoding meaningful morphological units, rather than ar-
bitrary substrings, could help models capture semantic infor-
mation more effectively [Bostrom and Durrett, 2020]. How-
ever, empirical findings on this hypothesis remain inconclu-
sive. Some studies report improvements in specific down-
stream tasks [Hofmann et al., 2021], while others find that
morphology-aware tokenization underperforms compared to
traditional subword methods [Toraman et al., 2023; Kaya and
Tantuğ, 2024].

In this paper, we pre-train encoder-only TEAMS mod-
els [Shen et al., 2021] on the IGC using WordPiece, Byte-Pair
Encoding (BPE) [Sennrich et al., 2016], and Unigram [Kudo,
2018] tokenizers with varying vocabulary sizes. Each of these
algorithms (see Section 2) can use either characters or bytes
as its base units. We evaluate character-level WordPiece,
BPE, and Unigram, and additionally compare character-level
vs. byte-level BPE.

Finally, we take the tokenizer configuration that achieved
the best overall performance on the IGC and use it to train
tokenizers for Estonian, Basque, Galician, Nepali, and Tajik.
We then pre-train TEAMS-Small models for these languages
and compare their downstream performance against models
trained with a WordPiece tokenizer using a 32k vocabulary.
Our goal is to determine whether the trends observed for Ice-
landic hold for other low- and medium-resource languages
and to determine how different subword tokenization algo-
rithms and vocabulary sizes impact downstream performance.

While previous studies have examined the impact of sub-
word tokenization algorithms and vocabulary sizes, most
have focused on individual high-resource languages or have
been limited in scope. Various studies have evaluated differ-
ent tokenization strategies at a fixed vocabulary size or tested
varying vocabulary sizes within a single algorithm (see Sec-
tion 3). In contrast, our work systematically explores the ef-
fects of different tokenization strategies on downstream per-

formance across six morphologically rich, low- and medium-
resource languages. Our findings provide practical guidance
for tokenizer selection in resource-constrained settings.

2 Subword Tokenization Algorithms
This section provides a brief overview of the subword tok-
enization algorithms used in our experiments.

2.1 Byte-Pair Encoding (BPE)
The BPE algorithm is widely used in models such
as RoBERTa, OpenAI’s GPT series [Radford et al.,
2019; Brown et al., 2020; OpenAI, 2024], and Modern-
BERT [Warner et al., 2024]. It starts with a vocabulary con-
sisting of the smallest elements in the training corpus, typi-
cally either individual characters or bytes. The algorithm iter-
atively expands the vocabulary by merging the most frequent
adjacent subword pair at each step. The process continues
until the vocabulary reaches a predefined size.

2.2 WordPiece
WordPiece is used in models such as BERT [Devlin et al.,
2019] and ELECTRA [Clark et al., 2020]. While it also
builds a vocabulary by iteratively merging subword units, it
differs from BPE in its selection criterion. Instead of choos-
ing the most frequent pair, WordPiece selects the pair that
maximizes the increase in log-likelihood across the training
corpus.

2.3 Unigram
The Unigram algorithm is used in models such as XL-
Net [Yang et al., 2019], and T5 [Raffel et al., 2020]. Unlike
BPE and WordPiece, which progressively build their vocab-
ularies through merging, Unigram follows a subtractive ap-
proach. It starts with a large vocabulary containing words and
frequent substrings and gradually reduces it to a target size.
The tokenizer assigns probabilities to subword sequences us-
ing a unigram language model. During training, it evaluates
the impact of each subword’s removal on the overall corpus
likelihood. A percentage of the least impactful subwords is it-
eratively pruned until the vocabulary reaches the desired size.

3 Related Work
3.1 Tokenization Algorithms
Several studies have compared subword tokenization meth-
ods in terms of their impact on downstream performance.

Bostrom and Durrett [2020] examined RoBERTa-Base
models pre-trained on English and Japanese corpora using
BPE and Unigram tokenizers, both with a vocabulary size of
20k. The Unigram tokenizer consistently outperformed BPE
across four downstream tasks. In English question answering
(QA), the Unigram model achieved an F1 score 1.1 points
higher than the BPE model, while in Japanese QA, the gap
widened to 12.3 points in F1. The authors attribute this differ-
ence to the Unigram tokenizer’s ability to better handle lan-
guages without explicit word boundaries, such as Japanese,
and its greater tendency to align subwords with linguistic
morphology. Similarly, Zhang et al. [2020] found that for
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English abstractive summarization, Unigram yielded compa-
rable or slightly better ROUGE scores than BPE across four
datasets. Ali et al. [2024] compared BPE and Unigram using
a 2.6B parameter decoder-only model. In an English mono-
lingual setting, Unigram outperformed BPE on a benchmark
of NLP tasks by 0.24 percentage points. For a multilingual
model trained on German, French, Italian, Spanish, and En-
glish text, BPE achieved an average score 0.17 percentage
points higher than Unigram. However, performance varied
by language, with Unigram performing better for French and
Spanish, and BPE for the other languages.

Toraman et al. [2023] investigated BPE and WordPiece to-
kenizers for Turkish RoBERTa models. Across six down-
stream tasks, WordPiece performed similarly to or slightly
better than BPE, suggesting that while these methods differ
algorithmically, their practical impact on downstream perfor-
mance may be minimal in some cases.

Beyond these comparisons, several studies have evaluated
byte-level tokenization. Qarah and Alsanoosy [2024] pre-
trained BERT-Base models on an Arabic corpus using Word-
Piece, Unigram, and byte-level BPE tokenizers, each with a
50k vocabulary. They evaluated the models on seven tasks
across 29 datasets, for a total of 36 different dataset-task com-
binations (with some datasets annotated for multiple tasks).
The Unigram model achieved the best performance in 21 out
of 36 evaluations, surpassing WordPiece by 0.77 percentage
points on average. Despite the fact that byte-level BPE ob-
tained the highest compression ratio (i.e., characters per to-
ken), it underperformed against the other two algorithms on
most tasks, obtaining an average score 0.95 percentage points
lower than WordPiece. Liu et al. [2019] similarly found that
RoBERTa models pre-trained with byte-level BPE performed
slightly worse on English NLP tasks compared to character-
level BPE. Zhang et al. [2022] investigated byte-fallback in
a Unigram tokenizer and observed that excessive segmenta-
tion into byte units resulted in longer token sequences and, in
many cases, degraded translation performance. These find-
ings suggest that while byte-based tokenization ensures full
character coverage, this benefit does not necessarily translate
into improved downstream performance.

A separate line of work has explored morphological tok-
enization, which aims to segment words based on their in-
ternal structure. Toraman et al. [2023] pre-trained a Turk-
ish RoBERTa model with a morphological tokenizer that
split words into morphemes using a morphological analyzer.
While this tokenizer performed competitively on some tasks,
it generally underperformed compared to BPE and Word-
Piece. The authors noted that errors introduced by the ana-
lyzer may have contributed to these results. Given that ac-
curate analyzers are often unavailable or difficult to develop
in low-resource settings, this raises concerns about the fea-
sibility of morphological tokenization in such cases. Kaya
and Tantuğ [2024] proposed an alternative morphological ap-
proach that extracts word roots and appends suffix tags as
subwords. However, for a Turkish BERT-Base model, this
method performed similarly or worse than a standard Word-
Piece tokenizer.

Overall, these studies indicate that Unigram tokenizers of-
ten outperform BPE or WordPiece, particularly in languages

with complex morphology or ambiguous word boundaries.
In contrast, byte-level tokenization tends to produce longer
token sequences, which can negatively impact performance.
Meanwhile, morphological tokenization remains an open re-
search question, with mixed results suggesting that potential
linguistic benefits of morpheme-based segmentation may be
offset by practical challenges in implementation and the ro-
bustness of existing subword methods.

3.2 Vocabulary Size
Beyond the choice of tokenization algorithm, vocabulary size
plays a crucial role in model performance by influencing the
balance between vocabulary coverage and memory usage.

Zhang et al. [2020] explored the effect of vocabulary size in
English abstractive summarization, comparing Unigram tok-
enizers with vocabulary sizes ranging from 32k to 256k. They
found that ROUGE scores improved up to a vocabulary size
of 96k, after which performance began to degrade, suggesting
diminishing returns beyond a certain threshold.

For morphologically rich languages, larger vocabularies
have shown a similar trend of initial performance gains fol-
lowed by diminishing improvement. Toraman et al. [2023]
evaluated vocabulary sizes for BPE, WordPiece, morphologi-
cal, and word-level tokenizers in a Turkish RoBERTa model,
finding that increasing vocabulary size generally improved
downstream performance. However, for BPE and WordPiece,
both of which outperformed the other tokenizers, the gains
were minimal beyond 66k. The authors attributed this to in-
creased vocabulary coverage and a reduction in OOV tokens.
Ali et al. [2024] examined the impact of different vocabulary
sizes (33k, 50k, 82k, and 100k) for BPE and Unigram tok-
enizers on downstream performance. For an English mono-
lingual model, a vocabulary size of 33k yielded the highest
average score, while larger vocabularies led to slightly lower
performance. In contrast, for a multilingual model covering
German, French, Italian, Spanish, and English, the best re-
sults were achieved with a vocabulary size of 100k, roughly
three times larger than the optimal size for the monolingual
model. However, the optimal vocabulary size differed be-
tween languages in the multilingual setting, with 33k per-
forming best for German and 82k for English.

A more fine-grained analysis was conducted by Kaya and
Tantuğ [2024], who varied vocabulary size in WordPiece to-
kenization for Turkish NLP tasks using a BERT-Base model.
Increasing the vocabulary size from 32k to 64k led to sub-
stantial improvements, with named entity recognition (NER)
scores improving by 1.6 percentage points and QA scores by
up to 6.2 percentage points. However, increasing the vo-
cabulary further to 128k and 256k provided only marginal
additional gains. The authors suggested that reducing OOV
words improves performance by limiting the overall number
of token splits, which in turn reduces the likelihood of splits
occurring at arbitrary positions rather than at morphological
boundaries, potentially improving the model’s ability to cap-
ture semantic information effectively.

To summarize, these studies suggest that increasing vocab-
ulary size improves model performance up to a certain point,
after which returns diminish. While larger vocabularies re-
duce OOV words, excessively large vocabularies may intro-
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duce inefficiencies without significant downstream benefits.

4 Experimental Setup
4.1 Tokenization
We trained WordPiece and BPE tokenizers using the tokeniz-
ers library for Python [Moi and Patry, 2023]. For character-
level tokenizers, we limited single-character subwords to
1,000 to prevent rare characters, such as emojis and mixed-
script Unicode characters, from taking up too much of the
vocabulary. We normalized the text by removing all Uni-
code control characters and split on whitespace characters
and punctuation marks.

We trained Unigram tokenizers using the SentencePiece li-
brary [Kudo and Richardson, 2018] with settings that roughly
matched the configuration we used for the WordPiece and
BPE tokenizers. During training, we adjusted the character
coverage of the tokenizer to restrict the number of single-
character subwords to approximately 1,000, and replaced the
default NFKC Unicode normalization with the less aggres-
sive NFC normalization, converting all Unicode characters to
their canonical forms. Due to the higher memory usage when
training with SentencePiece, we limited the training corpus
for Icelandic to approximately 2M documents or 654M to-
kens, and for Nepali to 800k documents or 348M tokens (ow-
ing to the greater number of bytes required to represent char-
acters in the Devanagari script).

For all tokenizers, we maintained original casing and re-
tained all accents, and only used tokens that appeared at least
twice for training.

4.2 Pre-Training Settings
TEAMS is a bidirectional, encoder-only version of the
ELECTRA architecture [Clark et al., 2020]. We pre-trained
TEAMS-Small models using TPU v4-8 accelerators and the
TensorFlow Model Garden repository [Yu et al., 2020], fol-
lowing the same settings as in [Shen et al., 2021]. The mod-
els consist of 14M parameters each and were pre-trained for
500,000 steps with a maximum sequence length of 512 and a
batch size of 256. Pre-training took approximately 18 hours
per model to complete. Default pre-training parameters were
used for all experiments unless otherwise specified.

4.3 Fine-Tuning Settings
We evaluated the models on six tasks: part-of-speech (POS)
tagging, NER, dependency parsing (DP), automatic text sum-
marization (ATS), QA, and topic classification (TC). For
fine-tuning, we used the example scripts provided with the
Hugging Face Transformers library [Wolf et al., 2020]:
run_ner.py for POS and NER, run_qa.py for QA, and
run_classification.py for TC. Models were fine-
tuned for DP using DiaParser [Attardi et al., 2021], a bi-
affine dependency parser. For ATS, we used Transformer-
Sum,1 a Python library implementing the extractive summa-
rization approach described by Liu and Lapata [2019].

To ensure a controlled comparison, we applied the same
fine-tuning configuration to all models within each task.

1https://github.com/HHousen/TransformerSum

Although performing hyperparameter optimization for each
model individually would likely yield improved results, we
prioritized consistency to enable fair evaluation across mod-
els and languages. For POS, NER, DP, and ATS, we adopted
the settings used by Daðason and Loftsson [2022], which we
found to be robust across all languages. For QA and TC,
we performed a hyperparameter search over learning rates
in [3e−5, 5e−5, 8e−5, 1e−4], batch sizes in [8, 16, 32], and
number of epochs in [5, 10, 20], selecting a single configu-
ration that performed well across all languages. The final
hyperparameters used in our experiments are summarized in
Table 2. Note that for DP, the batch size is token-based and
corresponds to the number of tokens processed per optimiza-
tion step.

Task Metric BS LR Epochs
POS Accuracy 16 5e-5 20
NER F1 Score 16 5e-5 10
DP LAS 5000 2e-3 200
ATS ROUGE-2 Recall 8 2e-5 3
QA F1 Score 16 8e-5 5
TC Accuracy 8 1e-4 10

Table 2: The metric, batch size (BS), learning rate (LR), and number
of epochs for fine-tuning TEAMS-Small models on each task.

For datasets with predefined training, validation, and test
splits, we report results averaged over 10 runs with different
random seeds. Datasets with k-fold splits were evaluated us-
ing k-fold cross-validation. For datasets without predefined
splits, we applied stratified 10-fold cross-validation, except
for datasets containing fewer than 10,000 examples, where
we used stratified 5-fold cross-validation with five repetitions
to reduce variance and increase statistical power for signifi-
cance testing.

4.4 Pre-Training Corpora
For pre-training, we used the IGC for Icelandic, the Esto-
nian National Corpus (ENC) [Koppel and Kallas, 2022] for
Estonian, and EusCrawl [Artetxe et al., 2022] for Basque.
For Galician, Nepali, and Tajik, we used the filtered versions
of their subsets in the web-crawled mC4 corpus [Xue et al.,
2021], using a Gaussian Mixture Model (GMM) classifier as
described in [Daðason and Loftsson, 2024] to filter out low-
quality documents. Table 3 provides information on the cor-
pora used in our work.

4.5 Evaluation Datasets
We fine-tuned and evaluated each pre-trained LM on a di-
verse benchmark of downstream tasks. For Icelandic, we
used MIM-GOLD [Loftsson et al., 2010] for POS, MIM-
GOLD-NER [Ingólfsdóttir et al., 2020] for NER, IcePaHC-
UD [Arnardóttir et al., 2020] for DP, IceSum [Daðason et
al., 2021] for ATS, and RUQuAD [Skarphéðinsson et al.,
2023] for QA. For Estonian, we used EDT-UD [Muischnek
et al., 2016] for POS and DP, and EstNER-New [Sirts, 2023]
for NER. For Basque, we used BDT-UD [Aranzabe et al.,
2015] for POS and DP, and EIEC [Alegria et al., 2004] for
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Language Corpus Docs (M) Tokens (B)
Icelandic IGC 5.13 1.67
Estonian ENC 2.14 0.43
Basque EusCrawl 1.59 0.29
Galician mC4 4.55 1.21
Nepali mC4 2.94 0.97
Tajik mC4 1.28 0.56

Table 3: The number of documents (in millions) and space-delimited
tokens (in billions) in each pre-training corpus. Note that the statis-
tics for the IGC and ENC corpora exclude subcorpora with web-
crawled content or text shuffled on the sentence or paragraph level.

NER. For Galician, we used CTG [Agerri et al., 2018] for
POS, NERC [Agerri et al., 2018] for NER, and Galician-
TreeGal-UD [Garcia et al., 2018] for DP. For Nepali, we used
NNC-CS [Yadava et al., 2008] for POS, EverestNER [Niraula
and Chapagain, 2022] for NER, and SIB-200 [Adelani et al.,
2024] for TC. Finally, for Tajik, we used WikiANN [Pan et
al., 2017] for NER and SIB-200 for TC. Table 4 provides an
overview of the datasets, their associated tasks, and the num-
ber of labeled examples.

Language Task Dataset Size
Icelandic POS MIM-GOLD 1,000,218
Icelandic NER MIM-GOLD-NER 1,000,231
Icelandic DP IcePaHC-UD 983,668
Icelandic ATS IceSum 1,000
Icelandic QA RUQuAD 10,530
Estonian POS EDT-UD 437,769
Estonian NER EstNER-New 184,638
Estonian DP EDT-UD 437,769
Basque POS BDT-UD 121,443
Basque NER EIEC 59,759
Basque DP BDT-UD 121,443
Galician POS CTG 1,196,734
Galician NER NERC 202,334
Galician DP Galician-TreeGal-UD 23,479
Nepali POS NNC-CS 1,123,528
Nepali NER EverestNER 308,353
Nepali TC SIB-200 1,004
Tajik NER WikiANN 300
Tajik TC SIB-200 1,004

Table 4: Languages, tasks, and datasets in the evaluation benchmark,
including dataset size measured in number of labeled examples.

5 Results
In this section, we present the results of our experiments
with different tokenization strategies across several low- and
medium-resource languages.

5.1 Tokenization Configurations for Icelandic
To assess the impact of different tokenization strategies, we
pre-trained TEAMS-Small models on the IGC using Word-
Piece, BPE, and Unigram tokenizers, each with vocabulary

sizes of 16k, 32k, and 64k. Table 5 provides statistics for each
tokenizer, including the number of tokens generated from the
corpus, and the number of pre-training examples.

Tokenizer Tokens (B) Examples (M) Epochs
WordPiece 16k 2.43 4.78 26.8
WordPiece 32k 2.23 4.38 29.2
WordPiece 64k 2.10 4.13 31.0
BPE 16k 2.38 4.80 26.6
BPE 32k 2.18 4.40 29.1
BPE 64k 2.11 4.14 30.9
Unigram 16k 2.31 4.67 27.4
Unigram 32k 2.13 4.31 29.7
Unigram 64k 2.07 4.07 31.4

Table 5: Statistics for each tokenizer, showing the number of to-
kens (in billions) generated from the IGC, number of pre-training
examples (in millions) generated, and number of epochs at 500k pre-
training steps.

Larger vocabularies lead to fewer tokens and a higher com-
pression ratio, which in turn affects the number of input se-
quences extracted from the corpus for pre-training. For ex-
ample, a WordPiece tokenizer with a 64k vocabulary can
represent the IGC with 4.13M examples (with each exam-
ple consisting of 512 tokens), which is 13.6% fewer than re-
quired with a 16k vocabulary. With a fixed number of train-
ing steps, this effectively means that models using tokenizers
with larger vocabularies are trained for more epochs. In 500k
steps, a TEAMS-Small model will learn from each example
31 times with a WordPiece vocabulary of 64k, but only 26.8
times with a 16k vocabulary. Increasing the vocabulary size
may therefore allow the model to learn more effectively dur-
ing pre-training.

Tokenizer POS NER DP ATS QA
WP 16k 96.99 91.01 84.62 72.22 57.32
WP 32k 97.01 91.48 84.83 72.65 60.03
WP 64k 97.06 91.97 84.86 72.23 60.68
BPE 16k 96.54 90.93 84.50 72.17 57.66
BPE 32k 96.90 91.26 84.73 72.87 58.59
BPE 64k 97.01 91.64 84.73 72.76 60.32
UG 16k 97.04 90.80 84.27 72.47 58.62
UG 32k 97.13 91.50 84.76 72.24 59.67
UG 64k 97.17 92.13 84.84 72.60 60.62

Table 6: Downstream performance of TEAMS-Small models pre-
trained on the IGC with WordPiece (WP), BPE, and Unigram (UG)
tokenizers at various vocabulary sizes. Scores in bold are statis-
tically indistinguishable from the best result for each task (paired
t-test with Holm-Bonferroni correction; p < 0.05).

Table 6 presents the downstream performance of each
model across five NLP tasks: POS tagging, NER, DP,
ATS, and QA. The results show that Unigram tokeniza-
tion with a 64k vocabulary achieved the highest average
score, slightly outperforming WordPiece and BPE at the
same vocabulary size. This aligns with prior research sug-
gesting that the Unigram algorithm has an advantage on
some tasks [Bostrom and Durrett, 2020; Zhang et al., 2020;
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Qarah and Alsanoosy, 2024]. Additionally, WordPiece per-
forms similarly or slightly better than BPE, consistent with
previous findings by Toraman et al. [2023].

Across all tokenization algorithms, larger vocabularies
tend to yield better downstream performance, consistent
with findings by Toraman et al. [2023] and Kaya and Tan-
tuğ [2024]. The effect is particularly pronounced for NER
and QA, where increasing the vocabulary from 32k to 64k
improved scores by an average of 0.50 and 1.11 percent-
age points, respectively. A greater compression ratio allows
more characters to fit within each 512-token sequence, effec-
tively increasing the amount of textual context available to
the model. Tasks that require a broader context window, such
as QA, likely benefit from this effect, as they rely on longer-
range dependencies.

Overall, these results suggest that while the Unigram algo-
rithm offers a modest advantage, vocabulary size has a greater
impact on downstream performance.

5.2 Byte-Level Tokenization for Icelandic
To evaluate the impact of byte-level tokenization on down-
stream performance, we pre-trained a TEAMS-Small model
on the IGC using a byte-level BPE tokenizer with a 64k
vocabulary, comparing it against a character-level tokenizer
with the same vocabulary size. Table 7 provides statistics for
each tokenizer.

Tokenizer Tokens (B) Examples (M) Epochs
Character-level 2.11 4.14 30.9
Byte-level 2.10 4.13 31.0

Table 7: Statistics for each tokenizer, showing the number of to-
kens (in billions) generated from the IGC, number of pre-training
examples (in millions) generated, and number of epochs at 500k pre-
training steps.

There were minimal differences between the two tokeniz-
ers in terms of compression ratio and the number of exam-
ples generated. This is likely due to the fact that we used a
tokenizer with a large vocabulary to process a curated, high-
quality monolingual corpus. The character-level tokenizer
generated 2.11 billion tokens when processing the IGC, of
which only 5,475 were unknown tokens (i.e., sequences of
characters that did not exist in its vocabulary). As such, there
were negligible benefits from representing unknown charac-
ters as bytes. Since the tokenizer has a large vocabulary, a
considerable portion of its capacity is allocated to byte-level
merges that provide no practical advantage in this setting.

Table 8 presents the downstream performance of the
character-level and byte-level tokenizers. The two tokenizers
performed nearly identically across all tasks, with no statisti-
cally significant differences in downstream performance.

For high-quality monolingual corpora, byte-level tokeniza-
tion does not appear to offer any advantages. Even in noisier
corpora containing a variety of Unicode characters or mixed
scripts, representing such noise as bytes rather than unknown
tokens may not impact downstream performance, unless the
downstream datasets contain similar noise distributions. The
primary advantages of byte-level tokenization are more ap-

Task Character-level Byte-level
POS 97.01% 96.99%
NER 91.64% 91.84%
DP 84.73% 84.32%
ATS 72.76% 72.55%
QA 60.32% 60.64%
Avg 81.29% 81.27%

Table 8: Downstream performance of TEAMS-Small models pre-
trained on the IGC with character-level and byte-level BPE with a
64k vocabulary.

parent in massively multilingual models, where vocabulary
constraints make character-level representation impractical,
and in generative models intended to be capable of outputting
any Unicode character.

5.3 Cross-Linguistic Evaluation
For Icelandic, the Unigram tokenizer with a vocabulary size
of 64k obtained the highest overall performance. To deter-
mine whether the same trends extend to other languages, we
pre-trained TEAMS-Small models using a tokenizer with the
same configuration on Estonian, Basque, Galician, Nepali,
and Tajik corpora. Table 9 provides statistics for each tok-
enizer.

Language Tokenizer Tokens (B) Ex. (M) Epochs
Icelandic WP 32k 2.23 4.38 29.2
Icelandic UG 64k 2.07 4.07 31.4
Estonian WP 32k 0.69 1.33 94.4
Estonian UG 64k 0.62 1.22 105.0
Basque WP 32k 0.43 0.85 151.3
Basque UG 64k 0.40 0.79 161.8
Galician WP 32k 0.88 1.72 74.4
Galician UG 64k 0.82 1.61 79.4
Nepali WP 32k 0.79 1.56 82.0
Nepali UG 64k 0.74 1.46 87.6
Tajik WP 32k 0.18 0.36 359.2
Tajik UG 64k 0.17 0.34 379.3

Table 9: Statistics for the WordPiece (WP) and Unigram (UG)
tokenizers for each language, showing the number of tokens (in
billions) generated from the pre-training corpus, number of pre-
training examples (Ex.; in millions) generated, and number of
epochs at 500k pre-training steps.

We observe an improvement in compression ratio across
all languages, with the largest gain in Estonian, where the
pre-training corpus could be encoded with 10% fewer tokens.
For Icelandic, the Unigram tokenizer achieved a compression
ratio (i.e., characters per token) of 4.18, substantially higher
than the 3.88 obtained by the WordPiece tokenizer. A Word-
Piece tokenizer with a 64k vocabulary achieved a ratio of 4.12
on the IGC (see Table 5), indicating that much of the observed
improvement in compression ratio is likely due to the larger
vocabulary. Nevertheless, it seems that the Unigram algo-
rithm may be somewhat more effective at capturing subword
structure, particularly in morphologically rich languages. Ta-
ble 10 presents the downstream performance of each model,
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comparing the Unigram tokenizer to a WordPiece tokenizer
with a 32k vocabulary.

Language Task WP 32k UG 64k Err. Red.
Icelandic POS 97.01 97.17 5.35%
Icelandic NER 91.48 92.13 7.63%
Icelandic DP 84.83 84.84 0.07%
Icelandic ATS 72.65 72.60 -0.18%
Icelandic QA 60.03 60.62 1.48%
Icelandic Avg 81.20 81.47 1.45%
Estonian POS 98.04 98.01 -1.53%
Estonian NER 78.13 78.63 2.29%
Estonian DP 89.40 89.40 0.00%
Estonian Avg 88.52 88.68 1.37%
Basque POS 97.00 97.03 1.00%
Basque NER 84.42 84.66 1.54%
Basque DP 84.45 84.44 -0.06%
Basque Avg 88.62 88.71 0.76%
Galician POS 98.92 99.00 7.41%
Galician NER 87.40 88.34 7.46%
Galician DP 86.59 85.84 -5.59%
Galician Avg 90.97 91.06 1.00%
Nepali POS 96.19 96.25 1.57%
Nepali NER 90.67 91.48 8.68%
Nepali TC 78.82 79.71 4.20%
Nepali Avg 88.56 89.15 5.13%
Tajik NER 80.14 82.08 9.77%
Tajik TC 80.20 81.25 5.30%
Tajik Avg 80.17 81.67 7.54%
All Avg 86.12 86.50 2.70%

Table 10: Downstream performance of TEAMS-Small models pre-
trained with a WordPiece (WP) tokenizer with a 32k vocabulary and
a Unigram (UG) tokenizer with a 64k vocabulary and relative er-
ror reduction from WP 32k to UG 64k. Scores in bold indicate
statistically significant differences between models (paired t-test;
p < 0.05).

Overall, the results aligned with our findings for Icelandic.
The Unigram tokenizer significantly outperformed Word-
Piece in eight out of 19 tasks, particularly in NER and TC,
where average scores improved by 0.85 and 0.97 percentage
points, respectively. The only case where WordPiece signifi-
cantly outperformed Unigram was DP for Galician, where it
achieved a 0.75 percentage point higher score.

In contrast, a larger vocabulary appeared to have minimal
or slightly negative impact on DP and POS, indicating that
these tasks may not benefit from reduced subword fragmen-
tation or increased context to the same extent as NER and
TC. This suggests that while Unigram tokenization is gener-
ally advantageous, its benefits are task-dependent.

6 Conclusions
In this paper, we have addressed the question of how differ-
ent subword tokenization algorithms and vocabulary sizes im-
pact downstream performance for low- and medium-resource
languages. Our experiments across six morphologically rich
languages have demonstrated that a Unigram tokenizer with

a 64k vocabulary consistently outperformed other config-
urations, particularly for tasks like NER and TC, where
scores improved by an average of 0.85 and 0.97 percent-
age points, respectively. These results align with prior re-
search suggesting that Unigram tokenization better preserves
linguistic structure, leading to improved downstream perfor-
mance [Bostrom and Durrett, 2020], though the magnitude of
improvement varied by task and language.

Vocabulary size had a greater impact on downstream per-
formance than the choice of tokenization algorithm, with
larger vocabularies consistently yielding better results. How-
ever, the benefits were task-dependent, with NER and TC
showing substantial improvements, while POS tagging and
DP saw minimal gains from increased vocabulary size. Our
evaluation of byte-level tokenization found no significant ad-
vantages for high-quality monolingual corpora, indicating
that such methods may be more beneficial in multilingual set-
tings, where broader character coverage is essential.

Overall, these findings provide practical guidance for pre-
training LMs in resource-constrained settings, highlighting
that optimizing vocabulary size can yield greater performance
gains than switching between tokenization algorithms.
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