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Abstract

Large language models demonstrate high versatility and performance across various domains. However, in the

predominantly English-focused research landscape, the issue of language disadvantages remains a significant

unresolved challenge. While numerous attempts have been made to mitigate performance disparities across

languages, we identify the disadvantage that arises from the tokenization stage. We observe that among four large

language models, including GPT-4, processing Korean requires up to three times more tokens than processing

English. This discrepancy implies higher costs and slower processing speeds for tasks performed in Korean

compared to English. Our study highlights the need to address Korean-specific disadvantages at the tokenization

stage and proposes the development of specialized tokenization strategies to minimize these disadvantages.
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1. Introduction

The advent of ChatGPT [I] has seamlessly integrated large
language models (LLMs) into not just research and academia
but also into our everyday lives [2] [3]. Unlike earlier language
models that performed specific tasks [4],[5], modern LLMs can
execute user instructions with high accuracy without explicit
training [6]. They are widely utilized in diverse fields such as

healthcare [7], finance [§], and legal sectors [9].

However, the issue of language-specific disparities remains
a significant concern in the predominantly English-centric
research landscape [I0) [IT]. While various studies have ad-
dressed performance inequalities across languages, we found
that language disparities exist even at the tokenization strat-
egy level, prior to the models’ usage [12]. We can easily
witness that despite the shorter length of the Korean sen-
tence compared to its English counterpart, tokenization of
the Korean sentence resulted in nearly four times more to-
kens. Considering that GPT-4’s usage cost is proportional
to the number of input/output tokens, this leads to higher
costs and increased processing time [12].

This study analyzes the adverse impact of tokenization

strategies on Korean sentences. We highlight that, even

*Corresponding author

when performing identical tasks on semantically equivalent
sentences, Korean sentences suffer significant disadvantages
compared to English sentences solely due to language. This
shows that language models inherently disadvantage Korean
users right from the input composition stage, beyond the

performance differences between English and Korean.

2. Evaluation Method

To quantify the language-specific disadvantages of tokeniz-
ers used in large language models, we adopt the tokenizer
evaluation method proposed by [12]. We use two sentences,
Skor and sgng, each conveying the same meaning in Ko-
rean and English, respectively. By comparing sentences with
identical meanings, we objectively verify any disadvantages
caused by language differences.

We tokenize the sentences using the tokenizer of the large
language model and calculate the token length ratio between
the two sentences. We define this ratio as the ”Korean disad-
vantage” of the tokenizer. This measure, computed as shown
in Equation , indicates the processing disadvantage for

Korean sentences relative to English ones.

|tokenizer(s g or )|

orean Penalty [tokenizer(sgng)|
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Figure 1. Analysis of the FLORES200 data indicates the disadvantages associated with Korean based on character length.

Presented below are the maximum, minimum, and average values of the disadvantage indices within each character length

segment.

By comparing the token length ratios of sentences with the
same meaning but in different languages, we can objectively
compare the tokenization requirements across languages for
representing the same information. This allows us to assess
the extent to which Korean is at a disadvantage compared
to English for the same task. A higher ratio suggests that
the tokenizer puts a greater burden on processing Korean,
while a ratio closer to 1 indicates minimal disadvantage for

Korean in comparison to English.

3. Experiments

We validate tokenizers across both English-centric large
language models (LLMs) and Korean large language mod-
els. Specifically, we assess a total of four tokenizers. Except
for GPT-4, all tokenizers analyzed are open-source models
available on HuggingFace [13]. For GPT-4, we use the tok-
enizer provided via the open-source package tiktoken from
OpenATT] For validation, we utilize the FLORES200 parallel
corpus designed for translation [14], focusing exclusively on
the devtest data subset for our analysis.

Experimental results indicate a linear increase in the dis-
advantage faced by Korean text as the Korean/English char-
acter length ratio rises. This suggests that the greater the dis-

crepancy in character length, the more pronounced this dis-

"https://github.com/openai/tiktoken. In this study, we
specifically use the c1100k_base tokenizer from this package.

advantage becomes, highlighting an issue not only in GPT-4
but across all large language model tokenizers.
Furthermore, the average disadvantage remains consistent
across different character length ranges, with significant vari-
ations observed throughout all intervals. In every segment
where the character length exceeds 30, at least one instance
exhibits a Korean text disadvantage of 8 or higher. These
findings demonstrate that the tokenizer-induced disadvan-
tage for Korean text is not confined to specific data or for-

mats but is a pervasive issue across all datasets.

4. Conclusion

In this paper, we highlight a significant issue where tok-
enizers of large language models (LLMs) disadvantage Ko-
rean more than English. We observed that Korean sentences
tend to be segmented into more tokens than English sen-
tences of comparable length, leading to increased compu-
tational costs and latency, which contributes to user dis-
satisfaction. Our study clearly demonstrates that tokeniza-
tion strategies can disadvantage Korean usage, urging in-
creased attention to the inherent biases against Korean in

these strategies.
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