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Abstract

Tokenization plays a crucial role in the per-
formance of language models. However, most
existing tokenizers rely on frequency-based
segmentation, which fails to capture the mor-
phological structure of languages and often
leads to inefficient token representations. In
this study, we propose a novel tokenization
method that emphasizes the importance of Ko-
rean morphological structures in eojeol (Ko-
rean spacing unit). This method is designed
to accommodate both inter-eojeol segmenta-
tion and intra-eojeol segmentation, enabling
the selection of subwords based on morphemes.
We pretrained a language model using the pro-
posed method and evaluated its performance
on Korean benchmark tasks. Experimental re-
sults demonstrate that the proposed method
generally outperforms existing approaches. No-
tably, it produces significantly fewer tokens
per input sequence, indicating its effective-
ness and efficiency for Korean language model-
ing. The code is available at https://github.
com/Dohy-Lee/mob.

1 Introduction

Tokenizers play a crucial role in language model
performance, as their token construction directly
affects how linguistic information is represented.
Common subword tokenization methods, such
as Byte-Pair Encoding (BPE; Gage, 1994; Sen-
nrich et al., 2016) and WordPiece (Schuster and
Nakajima, 2012), are unsupervised and language-
agnostic approaches based on subword frequency.
However, these frequency-driven methods often
yield inefficient tokens that fail to reflect the mor-
phological structure of words, leading to over-
segmentation and a increase in the number of to-
ken instances (Klein and Tsarfaty, 2020; Bostrom
and Durrett, 2020). Such inefficiencies have been
shown to detrimentally impact language model per-
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formance (Park et al., 2021; Schmidt et al., 2024;
Goldman et al., 2024).

To mitigate this issue, recent studies have ex-
plored morphology-aware tokenization. Strategies
include building vocabularies with morphologi-
cal information (Hofmann et al., 2021), preserv-
ing morphological boundaries during tokeniza-
tion (Hofmann et al., 2022), decomposing com-
pounds for morpheme alignment (Minixhofer et al.,
2023), and constraining subword formation to
avoid crossing morpheme boundaries (Bauwens
and Delobelle, 2024). Such morphology-sensitive
methods have shown effectiveness in multilingual
and morphologically rich language settings (Chen
and Fazio, 2021; Mager et al., 2022; Toraman et al.,
2023).

Korean is a morphologically rich language that
is both agglutinative and inflectional (Sohn, 1999;
Yeon and Brown, 2019). A Korean sentence con-
sists of eojeols. An eojeol is the basic orthographic
spacing unit, consisting of one or more agglutinated
morphemes. It does not directly correspond to the
notion of a “word” in English, as grammatical mor-
phemes such as case particles and verbal endings
are typically attached to lexical stems within an
eojeol (Song and Park, 2019).1 Moreover, a mor-
pheme can surface in multiple inflected forms, and
two morphemes may fuse together, making simple
surface segmentation insufficient for morphologi-
cal analysis (Matteson et al., 2018; Jo et al., 2023).

When the morphological structure of Korean
eojeols is taken into account, token generation
efficiency improves notably. A representative ap-
proach in this line is Morpheme-aware Subword

1For instance, consider “공부했겠다” (would have stud-
ied). While this expression requires three distinct words
in English, it constitutes a single eojeol in Korean. This
unit is an agglutination of the stem “공부하-” (study) with
multiple functional morphemes: “-았-” (past tense), “-겠-”
(modal/conjecture), and “-다” (ending). During agglutination,
the stem “하-” and the past tense morpheme “-았-” are phono-
logically fused, resulting in the contracted form “했-”.
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Tokenization (MoA; Park et al., 2020). MoA be-
gins by applying a morphological analyzer to
segment sentences into surface form units that
respect morpheme boundaries. During this pro-
cess, morpheme boundaries are approximated us-
ing spaces, and a special eojeol-boundary token
is introduced to mark divisions between eojeols.
SentencePiece (Kudo and Richardson, 2018) is
then applied to generate tokens. While the explicit
boundary token effectively preserves eojeol bound-
aries, it also increases the number of input tokens
in proportion to the number of eojeols in a sentence,
which can potentially affect language model perfor-
mance (Levy et al., 2024). Furthermore, since MoA
operates only on surface forms without restoring
morphemes to base forms, different inflected vari-
ants of the same morpheme may be represented as
distinct tokens.

To address these limitations, we introduce
Morpheme-based Subword Tokenization (MoB), a
method that integrates morpheme restoration with
eojeol structure. In MoB, morphemes are restored
to their canonical base forms during segmentation,
after which subword tokenization is applied over
these restored units. Unlike the previous approach,
which relies on explicit delimiter tokens, MoB im-
plicitly encodes both eojeol and morpheme bound-
ary information within the token structure. This de-
sign allows the model to capture structural bound-
aries more effectively while reducing the overall
number of tokens and ensuring that inflectional
variants of the same morpheme are represented
consistently.

To evaluate the efficiency and effectiveness of
the proposed method, we pretrained a Korean
BERT language model using MoB tokenization
and assessed its performance on a range of Korean
Natural Language Understanding (NLU) tasks. The
experimental results demonstrate that the proposed
method reduced the average number of tokens and
improved task performance compared to the base-
line model (MoA), thereby validating its efficiency
and effectiveness.

2 Morpheme-based Subword
Tokenization

This study proposes Morpheme-based Subword
Tokenization (MoB) as an enhanced version of
Morpheme-aware Subword Tokenization (MoA),
with two key improvements:

1. It performs complete morpheme segmentation

on base forms, enabling consistent tokeniza-
tion of morphological variants.

2. It implicitly encodes both eojeol and mor-
pheme boundary information within the token
structure, which significantly reduces the total
number of tokens per input sequence caused
by eojeol boundary token.

The MoB process begins with the morphologi-
cal analysis of a sentence and utilizes morphemes
of base forms. Each eojeol boundary is marked
by attaching an inter-eojeol prefix (‘_’) before the
first morpheme of the corresponding eojeol. Like-
wise, morpheme boundaries within each eojeol are
marked using an intra-eojeol prefix (‘+’) attached
to the initial character of each morpheme except
the first morpheme in the eojeol.2 These prepro-
cessed characters are then split into character-level
unigrams, which serve as the initial token sequence.
Importantly, the prefixes are tightly bound to the
following character and are not counted as separate
characters within a token.

We follow a standard BPE-based procedure in-
spired by SentencePiece (Kudo and Richardson,
2018) for token vocabulary construction and tok-
enization, with an additional constraint to account
for two types of eojeol prefixes. Specifically, during
the merging of unigrams into bigrams, a unigram
annotated with an eojeol prefix is permitted only
in the first position of a bigram and is disallowed
in the second position. The algorithm for token
vocabulary construction is provided in Appendix
A.1.

Table 1 presents an illustrative example to high-
light the differences among the BPE, MoA, and
MoB tokenization methods. That is, each tokeniza-
tion algorithm is applied to a given small corpus,
and the resulting tokenized sentences are presented.
In the BPE result, the sequence “교가” (school
song) is merged as a frequent bigram that ap-
pears in both “학교가” and “등교가”. However,
this merged unit crosses morpheme boundaries—
combining part of noun “학교” (school), “등교”
(going to school) with a case particle (“가”)—and
thus forms an undesirable token. In contrast, the
MoA method explicitly marks morpheme bound-
aries using the morpheme-segment prefix “_”,

2In this paper, the prefixes are denoted as (‘_’) and (‘+’)
for illustrative purposes; however, the actual implementation
employs rarely used characters. The inter-eojeol and intra-
eojeol prefixes are implemented as U+2581 and U+29FE,
respectively.
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Tokenizer Tokenized sequence Token count

Corpus 즐거운 학교가 있어 등교가 즐겁다
(There is a joyful school, so going to school is joyful)

BPE _즐 /거 /운 / _학 /교가 / _있 /어 / _등 /교가 / _즐 /겁 /다 12
MoA _즐 /거 /운 / * / _학 /교 / _가 / * / _있 / _어 / * / _등 /교 / _가 / * / _즐 /겁 / _다 18
MoB _즐겁 / +ㄴ / _학 /교 / +가 / _있 / +어 / _등 /교 / +가 / _즐겁 / +다 12

Table 1: Tokenization examples. Symbols: _ = inter-eojeol prefix, + = intra-eojeol prefix, _ = morpheme-segment
prefix, * = eojeol boundary token, / = token delimiter.

Input sentence 즐거운 학교가 있어 등교가 즐겁다

(There is a joyful school, so going to school is joyful)
Output: surface form analysis 즐거운 학교+가 있+어 등교+가 즐겁+다
Output: base form analysis 즐겁+ㄴ 학교+가 있+어 등교+가 즐겁+다

Table 2: Two types of MeCab-ko analysis results. At the surface form level, ‘즐거운’ is analyzed as ‘즐거운’,
whereas at the base form level it becomes ‘즐겁+ㄴ’. Here, the symbol ‘+’ is a virtual marker used to indicate
morpheme boundaries within an eojeol; it does not appear in the actual output.

thereby preventing such cross-morpheme bigrams
from being formed. MoB not only prevents cross-
morpheme merges in the same way as MoA, but
also merges bigrams whose constituent morphemes
share the same base forms. For instance, “즐거운”
(joyful) and “즐겁다” (is joyful) both share the
same base form of morpheme “즐겁”. Since this
morpheme appears twice in the input text, it is
merged into a bigram token accordingly.

In terms of the number of generated tokens,
MoB is more efficient than MoA, producing only
12 tokens compared to MoA’s 18. Notably, MoB
successfully identifies and includes a desirable bi-
gram, “즐겁”, and empirical results further demon-
strate its superior performance. Although BPE also
generates 12 tokens, it includes an undesirable bi-
gram, “교가” which may hurt the performance. In
fact, previous studies have reported that the MoA
method outperforms BPE in general (Park et al.,
2020).

3 Experiments

Preprocessing For fair comparison, both MoA and
MoB methods utilized MeCab-ko3 morphological
analyzer. The MeCab-ko supports analysis on both
the surface level and base level, as shown in Table 2.
For the pretraining data, we filtered out non-Korean
text and converted Sino-Korean words written in
Chinese characters into their Korean pronuncia-
tions. We then constructed a 32k-sized token vocab-
ulary from a Korean Wikipedia dump (780MB)4

3https://bitbucket.org/eunjeon/mecab-ko.
4https://dumps.wikimedia.org/kowiki/

and a subset (3.7GB) of the AI-Hub corpus5, which
were also used as the pretraining dataset.

Pretraining We adopted BERT (Devlin et al.,
2019) as the base model, using a publicly avail-
able implementation6. For pretraining, we chose
BERTmedium with 41M parameters (Turc et al.,
2019) and trained it for up to 1M steps on four
NVIDIA A6000 48GB GPUs over approximately
two weeks.

Evaluation We evaluated our method using two
approaches: extrinsic evaluation on downstream
tasks and intrinsic evaluation of token compression,
measured by the numbers of token instances and to-
ken types as indicators of token quality (Goldman
et al., 2024). We used five downstream fine-tuning
tasks in Korean: Machine Reading Comprehension
using KorQuAD (Lim et al., 2019), Semantic Tex-
tual Similarity (STS) using KorSTS (Ham et al.,
2020), Natural Language Inference (NLI) using Ko-
rNLI (Ham et al., 2020), Sentiment Analysis using
NSMC 7, and Paraphrase Identification using the
Korean subset of PAWS-X (Yang et al., 2019).

Statistics of the fine-tuning datasets as well as
the hyperparameters used for pretraining and fine-
tuning are provided in Appendix A.3.

4 Results and Discussion

Fine-tuning performance Table 3 presents the
fine-tuning performance on the five downstream

5https://www.aihub.or.kr/
6https://github.com/codertimo/BERT-pytorch
7Naver Sentiment Movie Corpus for sentimental analysis,

https://github.com/e9t/nsmc
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KorQuAD KorSTS KorNLI NSMC PAWS-X

Tokenizer EM F1 ρ Acc Acc Acc

BPE 49.72 ±0.31 65.07 ±0.35 63.00 ±0.77 64.47 ±0.39 85.04 ±0.04 61.11 ±0.82
MoA 50.25 ±0.57 66.35 ±0.46 68.30 ±0.74 67.32 ±0.18 86.07 ±0.08 59.20 ±2.57
MoB 51.65 ±0.38 69.33 ±0.14 69.53 ±0.60 68.61 ±0.22 85.73 ±0.07 62.66 ±0.89

Table 3: Performance of BPE, MoA, and MoB tokenizers. Values are mean ± standard deviation. KorQuAD is
evaluated on the dev set due to the unavailability of a public test set, while KorSTS, KorNLI, NSMC, and PAWS-X
are evaluated on their respective test sets. KorSTS is reported as Spearman correlation (ρ × 100), and KorNLI,
NSMC, and PAWS-X are reported as Accuracy (%). Please refer to Table 10 in Appendix A.3 for the statistical
significance of the comparison between MoA and MoB.

Dataset Number of Token Types Number of Token Instances
MoA MoB ∆ MoA MoB ∆

KorQuAD 14,551 13,183 91% 430.53 340.13 79%
KorSTS 5,795 5,499 95% 52.26 41.00 78%
KorNLI 5,592 5,159 92% 60.76 48.18 79%
NSMC 10,445 10,377 99% 28.18 23.97 85%
PAWS-X 6,391 5,901 92% 90.60 77.35 85%
Average 8,555 8,024 94% 132.07 106.13 81%

Table 4: Comparison of the size of token types and instances. The number of token types denotes the total number
of unique tokens observed in the dataset, and the number of token instances denotes the average frequency with
which a given token appears within a single input sequence. ∆ is calculated as (MoB/MoA) × 100.

tasks. MoB outperformed MoA on all tasks, with
the exception of NSMC. For NSMC, MoB method
showed slightly lower performance than MoA. The
NSMC dataset showed a different trend, which we
attribute to its nature as an online corpus contain-
ing numerous neologisms, abbreviations, and typo-
graphical errors, making it difficult for the morpho-
logical analyzer to produce accurate analyses.

Token size Table 4 summarizes the number of
unique token types and the average number of to-
kens per input sequence generated by each tok-
enization method. MoB yielded on average 6 per-
centage fewer token types than MoA across all de-
velopment datasets. This reduction in token variety
indicates that MoB achieves more efficient vocab-
ulary compression by grouping morphologically
different but semantically equivalent word forms
into a single token through morpheme restoration.

Furthermore, the average number of token in-
stances per input sequence was about 19 percent-
age lower for MoB than for MoA across all tasks.
This outcome can be attributed to MoB’s design,
which avoids inserting an eojeol boundary token.
Instead, MoB employs the inter-eojeol prefix and
intra-eojeol prefix to denote both eojeol and mor-
pheme boundaries directly within existing tokens.

In general, introducing one prefix marker can po-
tentially double the number of unigram token types,
since each character may appear in both prefixed

and unprefixed forms. With two types of prefix
markers, the theoretical maximum increase in uni-
gram types could be up to threefold. However, in
practice, the use of such prefix markers did not lead
to a substantial increase in the total number of to-
kens. On the contrary, the use of the inter-eojeol
prefix (along with the intra-eojeol prefix), rather
than the eojeol-boundary token, appears to have
contributed to more compact and efficient tokeniza-
tion.

Ablation study Table 5 presents the results of
an ablation study conducted to examine the effects
of the intra-eojeol prefix and morpheme restora-
tion. Using the Full Model as the reference, remov-
ing the intra-eojeol prefix results in performance
decreases on most tasks, while performance on
NSMC remains unchanged. When only the mor-
pheme restoration feature is removed, performance
drops are observed across all tasks. When both
features are removed simultaneously, performance
decreases become larger on most tasks, whereas
NSMC shows a slight performance improvement.
The NSMC evaluation results seem to be affected
by characteristics of the NSMC dataset (see Ap-
pendix A.2). Overall, these results indicate that the
intra-eojeol prefix and morpheme restoration have
different effects depending on the task, while gener-
ally contributing to improved performance on most
benchmarks.
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Variant
KorQuAD (F1) KorSTS (ρ) KorNLI (Acc) NSMC (Acc) PAWS-X (Acc)
Score ∆ Score ∆ Score ∆ Score ∆ Score ∆

Full Model 69.14 – 70.32 – 68.84 – 85.84 – 63.15 –
– w/o IntraP 67.41 –1.73 70.01 –0.31 68.10 –0.74 85.84 0.00 61.65 –1.50
– w/o MRest 67.34 –1.80 68.86 –1.46 67.90 –0.94 85.70 –0.14 61.60 –1.55
– w/o IntraP & MRest 66.14 –3.00 67.68 –2.64 67.21 –1.63 85.94 +0.10 56.95 –6.20

Table 5: Ablation study on Intra-eojeol Prefix (IntraP) and Morpheme Restoration (MRest). The full model includes
both IntraP and MRest. ∆ indicates performance change relative to the full model. ρ denotes Spearman Correlation
× 100, and Acc denotes Accuracy (%).

5 Related Works

Park et al. (2020) proposed the Morpheme-aware
Subword tokenization (MoA) method, which is
adopted as a baseline in this paper. Reflecting the
characteristics of the Korean writing system, they
explored a wide range of tokenization strategies
by segmenting eojeols into consonants and vowels,
syllables, morphemes, subwords, morpheme-aware
subwords (MoA), and full words (eojeols). Among
these, MoA achieved the best performance. As de-
scribed earlier in this paper, MoA explicitly distin-
guishes morpheme boundaries in surface forms and
employs a special token to mark eojeol boundaries.

Lee et al. (2024) addressed the over-
segmentation problem of BPE, in which
compound words are excessively split and their
original meanings are distorted, by populating
a fixed proportion of the token vocabulary with
high-frequency long tokens. Although this strategy
was additionally applied to MoA, the resulting
performance improvements were marginal.

Morphology-based tokenization methods in lan-
guages other than Korean have mainly been studied
for morphologically rich languages. Nzeyimana
and Niyongabo Rubungo (2022) implemented a
Rwandan encoder language model using a two-
stage process. In the first stage, morphological
analysis results are encoded, and used as tokens
for the second-stage language model encoder. This
approach differs fundamentally from conventional
vocabulary-based tokenization methods.

Asgari et al. (2025) applied a morpheme-
boundary-aware tokenization scheme to English,
Russian, Hungarian, and Arabic. Their approach
takes morphologically segmented input as a pre-
processing step; however, the paper does not detail
how word and morpheme boundaries are distin-
guished within tokens.

Bayram et al. (2025) proposed a tokenization
method for Turkish that performs morpheme seg-
mentation based on a dictionary, while applying

BPE to out-of-vocabulary words. To reduce vocab-
ulary size, phonological normalization was applied,
and special whitespace tokens were introduced to
represent word boundaries.

Overall, prior studies primarily focus on han-
dling morpheme boundaries in surface forms and
introduce additional special tokens to represent
word (or eojeol) boundaries. Such designs tend
to increase vocabulary size and reduce token rep-
resentation efficiency. In contrast, the tokenization
method proposed in this paper, which is based
on restored base-form morphemes and employs
explicit eojeol- and morpheme-level prefixes, ad-
dresses these limitations and improves tokenization
efficiency.

6 Conclusion

Tokenization plays a critical role in the perfor-
mance of language models, and recent research
has focused on developing methods that can han-
dle a wide range of domains and languages. In
this study, we propose Morpheme-based Subword
Tokenization (MoB), a tokenization method that
incorporates the linguistic characteristics of Ko-
rean. The proposed method restores base forms of
morpheme to facilitate the recognition of tokens
sharing the same base form. In addition, it reflects
the structure of Korean eojeols by introducing two
types of prefixes: one for word (eojeol) boundaries
by inter-eojeol prefix and another for morpheme
boundaries by intra-eojeol prefix.

We pretrained a BERT-based language model
using this tokenization method and evaluated it on
five fine-tuning tasks. Despite minor performance
degradation in domain-specific datasets with fre-
quent morphological analysis errors, the proposed
method proved more effective overall, achieving
higher performance while reducing the number of
generated tokens by about 19% compared to the
baseline method.

301



Limitations

This study evaluates the proposed method under
limited training configurations of a BERT-based
language model. A broader exploration of model
architectures and training settings is required for
a more comprehensive assessment. In addition, al-
though the model was evaluated on five fine-tuning
tasks, further validation on other task types remains
for future work.

Further studies are needed to compare our
approach with alternative paradigms, including
dynamic tokenization (Feher et al., 2025) and
tokenizer-free modeling approaches spanning
character-level, subword-inductive, and byte-level
hierarchical representations (Pagnoni et al., 2025;
Tay et al., 2022; Clark et al., 2022; Yu et al., 2023;
Wang et al., 2024). Such comparisons would clar-
ify the trade-offs between explicit structural con-
straints and fully dynamic or implicit representa-
tions in terms of efficiency, robustness, and down-
stream performance.

For fair comparison with prior work, we relied
on the MeCab-ko morphological analyzer. How-
ever, performance may vary with different analyz-
ers, particularly those more robust to morphologi-
cal analysis errors, which warrants further investi-
gation.

While the method is specifically designed for Ko-
rean, its applicability to other morphologically rich
or agglutinative languages has not been examined
and remains an open research question.

Finally, applying the proposed tokenization to
generative models requires converting morpheme
base forms back into surface forms. Although this
is expected to be handled via relatively simple post-
processing, its effectiveness has not been empiri-
cally validated and should be explored in future
work.
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A Appendix

A.1 MoB Vocabulary Construction
The MoB vocabulary construction algorithm takes
as input unigrams annotated with inter-eojeol and
intra-eojeol prefixes and outputs a token vocabulary
consisting of k entries. The procedure is presented
in pseudocode in Algorithm 1 and operates as fol-
lows. Given a corpus C represented as a sequence
of initial tokens, all unique tokens are first collected
to form the initial vocabulary V (Line 3). The algo-
rithm then identifies the most frequent bigram pair
(tl, tr) in C. If tr begins with a boundary prefix
(‘_’ or ‘+’), the algorithm skips this pair and con-
tinues searching for the next most frequent valid
bigram (Lines 5–8). Otherwise, the selected bigram
is merged into a new token and added to the vo-
cabulary V (Lines 10–11). The corpus C is then
updated to reflect the newly created token (Line
12), and the process repeats until the vocabulary
size reaches k.

Algorithm 1 Vocabulary Construction for
Morpheme-based Subword Tokenization

1: Input: Unigram set of corpus C, marked with
inter-eojeol / intra-eojeol prefixes ( ‘_’/‘+’)

2: Output: Vocabulary set V (|V | ≤ k)
3: Initialize V ← all unique tokens t in C
4: while |V | < k do
5: Find the most frequent bigram (tl, tr) in C
6: if no more bigram candidate then
7: break
8: end if
9: if tr[0] = ‘+’or‘_’ then

10: Skip this bigram
11: continue
12: end if
13: tnew ← tl + tr
14: V ← V ∪ {tnew}
15: Update C with new V
16: end while
17: return V

A.2 Error Analysis in NSMC
NSMC dataset, as an online movie review dataset,
contains numerous neologisms, abbreviations, and
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Raw Text 간만에 볼만한 영화

( A movie worth watching after a long time )

MoA _간 / _만 / _에 / * / _볼 / _만 / _한 / * / _영화
MoB _가 / +ㄴ / +만 / +에 / _보 / +ㄹ / +만 / +하 / +ㄴ / _영화
Expected MoB _간만 / +에 / _보 / +ㄹ / +만 / +하 / +ㄴ / _영화

(a) Errors caused by omission.

Raw Text 넘 잼나게 잘 봤어요

( I had so much fun watching it )

MoA _넘 / * / _잼 / _나 / _게 / * / _잘 / * / _봤 / _어요
MoB _넘 / _재 / +ㅁ / +나 / +게 / _잘 / _보 / +았 / +어요
Expected MoB _너무 / _재미나 / +게 / _잘 / _보 / +았 / +어요

(b) Errors caused by contraction.

Symbols: _ : Inter-eojeol prefix, + : Intra-eojeol prefix, _ : Morpheme-segment prefix, * : eojeol-boundary token, / :
Token delimiter.

Table 6: Examples of MoB tokenization errors in NSMC task

typographical errors. These forms often lead the
morphological analyzer to produce incorrect analy-
ses, yielding misaligned morpheme boundaries or
inaccurate base forms, thereby hindering effective
token generation.

As shown in Table 6a, the eojeol “간만에”—a
colloquial contraction of “오래간만에” formed by
omitting “오래” (“after a long time”)—should have
been analyzed as “간만/+에”. However, the mor-
phological analyzer returned an incorrect result:
“가/+ㄴ/+만/+에”. In addition, the NSMC dataset
contains many spoken-style expressions that the
morphological analyzer failed to recognize cor-
rectly. For example, as shown in Table 6b, the
colloquial contraction “넘”, derived from “너무”
meaning “very” or “too,” was not properly restored.
Similarly, “잼”, a slang form of “재미” meaning
“fun,” was incorrectly analyzed as “재” and “+ㅁ”.

A.3 Dataset Statistics, Hyperparameters, and
Statistical Significance Analysis

Task Train Dev Test
KorQuAD 60,407 5,774 -
KorSTS 5,749 1,500 1,379
KorNLI 942,854 2,490 5,010
NSMC 135,000 15,000 50,000

PAWS-X 49,410 1,965 1,972

Table 7: Statistics of the fine-tuning datasets. The statis-
tics report the number of sentences for NSMC, question-
passage pairs for KorQuAD, and two sentence pairs for
KorSTS, KorNLI, and PAWS-X.

Parameter Value
Number of layers 8
Hidden size 512
Attention heads 8
Batch size 64
Learning rate 5e-5
Warm up 10,000
Max length 512
Optimizer AdamW

Table 8: Pretraining hyperparameters

Parameter KorQuAD KorSTS KorNLI NSMC PAWS-X
Epoch 5 3 5 3 5

Batch size 64 64 64 64 64
Learning rate 5e-5 1e-4 5e-5 5e-5 1e-4

Dropout 0.1 0.1 0.1 0.1 0.1
Warm up 0.1 0.1 0.1 0.1 0.1

Max length 128 128 128 128 128
Optimizer AdamW AdamW AdamW AdamW AdamW

Table 9: Fine-tuning hyperparameters
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Task MoA MoB Difference (95% CI) p-value

KorQuAD (EM) 50.25± 0.57 51.65± 0.38 +1.40 [1.08, 1.73] p < 0.001

KorQuAD (F1) 66.35± 0.46 69.33± 0.14 +2.98 [2.55, 3.40] p < 0.001

KorSTS 68.30± 0.74 69.53± 0.60 +1.23 [0.15, 2.30] p = 0.031

KorNLI 67.32± 0.18 68.61± 0.22 +1.29 [0.97, 1.60] p < 0.001

NSMC 86.07± 0.08 85.73± 0.07 -0.34 [-0.47, -0.21] p < 0.001

PAWS-X 59.20± 2.57 62.66± 0.89 +3.46 [0.73, 6.19] p = 0.021

Table 10: Statistical significance analysis for Table 3. Values are reported as the mean
± standard deviation over seven runs with different random seeds. The Difference
column shows the result of MoB−MoA (positive values favor MoB; negative
values favor MoA). Brackets [ ·, · ] denote the 95% confidence interval for the mean
difference, and p-values are from two-sided paired t-tests (paired by the random
seed).
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