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Abstract

Large language models (LLMs) are typically
evaluated on static benchmarks, even though
natural language constantly evolves through
newly emerging words and meanings. Exist-
ing Korean benchmarks are centered on estab-
lished vocabulary and therefore provide lim-
ited coverage of such recent lexical change,
and their English-oriented design makes it dif-
ficult to assess the typological properties of
Korean, in which content words combine pro-
ductively with functional morphemes. In this
paper, we introduce KoNeoBench, a bench-
mark for evaluating LLMs’ understanding of
Korean neologisms. KoNeoBench is built on
1,785 Korean neologisms attested in online
news since 2020 and curated through expert
lexicographic review. Each entry provides us-
age examples, word-formation analyses, and
dictionary-style definitions. Based on this re-
source, we define four tasks and report re-
sults on recent models, together with a human
baseline. Our experiments show that current
LLMs exhibit clear limitations in recovering
source components, distinguishing semantic
categories, and generating accurate definitions.
These results reveal specific aspects of recent
Korean lexical change that remain challenging
for current LLMs. KoNeoBench is available at
https://github.com/bcmilab/ko-neobench/.

1 Introduction

Large language models (LLMs) achieve strong per-

formance on many language tasks, but their evalua-

tion still relies largely on static benchmarks built

from fixed linguistic data and knowledge, which

may not fully capture aspects of recent language
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Figure 1: Challenges in understanding Korean neol-
ogisms. (a) Semantic classification performances of
LLMs neologisms vs. general words. (Details are given
in Appendix C.1.) (b) A neologism formed by abbrevia-
tion and blending.

change. Prior work has highlighted this limitation
in terms of temporal generalization and temporal
misalignment, showing performance degradation
on future text, time-sensitive facts, and updated
world knowledge (Lazaridou et al., 2021; Luu et al.,
2022; Dhingra et al., 2022; Vu et al., 2024; Zhu
et al., 2025). Yet recent language change is not lim-
ited to factual updates; it also emerges at the lexical
and semantic levels through new words and shifts
in meaning. As early indicators of such change, ne-
ologisms reflect not only changes in linguistic form
and meaning but also the social and cultural con-
text of the language community (Nam et al., 2025).
Accordingly, evaluating an LLM’s understanding
of neologisms can provide insight into how well it
captures recent lexical and sociocultural develop-
ments in language use.

Recent studies have begun to evaluate LLMs’
adaptation to language change through neologisms
and informal expressions. NeoBench (Zheng et al.,
2024) introduces benchmark data and tasks for
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neologism processing, while Mei et al. (2024)
and Sun et al. (2024) examine LLMs’ understand-
ing, detection, and source identification of inter-
net slang, memes, and informal expressions. How-
ever, these studies focus primarily on English, and
benchmarks for Korean neologisms remain lim-
ited. Within Korean, our preliminary results in Fig-
ure 1(a) also reveal a substantial performance gap
between established words and neologisms across
different LLMs, motivating a closer examination
of their understanding of Korean neologisms.

Beyond this performance gap, Korean neolo-
gisms exhibit linguistic characteristics that war-
rant explicit consideration in benchmark design.
Korean is an agglutinative language in which parti-
cles and inflectional endings attach to lexical stems.
Figure 1(b) illustrates how a neologism formed
through abbreviation and/or blending can combine
with a grammatical morpheme, requiring models to
identify both the neologism boundary and the func-
tion of the attached morpheme. Korean also con-
tains many hybrid neologisms formed from mul-
tiple lexical strata, including native Korean, Sino-
Korean, and loanwords. These properties make Ko-
rean neologisms particularly difficult to interpret
and analyze, and they should therefore be taken into
account when evaluating model understanding.

To address the limited coverage of Korean ne-
ologisms in existing benchmarks, we introduce
KoNeoBench, a benchmark for multifaceted eval-
uation of LLMs’ understanding of Korean neol-
ogisms. It is built from a list of Korean neolo-
gisms collected and annotated through expert lexi-
cographic review. It comprises four tasks: (1) Cloze
task for contextual understanding of neologism us-
age, (2) source word identification aligned with na-
tive speakers’ interpretation, (3) semantic and spe-
cialized domain categorization, and (4) dictionary-
style definition generation. Using KoNeoBench, we
evaluate multiple LLMs and analyze their strengths
and limitations in processing Korean neologisms
from various perspectives. The main contributions
of this paper are as follows.

* We present KoNeoBench, a Korean neolo-
gism dataset compiled and annotated by lexi-
cography experts.

* KoNeoBench is the first benchmark to pro-
vide carefully designed test sets for multi-
faceted evaluation of LLMs’ understanding
of Korean neologisms.

» Using these Korean-specific test sets, we eval-
uate a range of LLMs and analyze the major
challenges and error patterns involved in pro-
cessing Korean neologisms.

2 Related Works

Temporal Drift and Robustness in LLMs Re-
search on the robustness of LL.Ms under temporal
change has primarily examined performance degra-
dation on post-training data (Lazaridou et al., 2021;
Luu et al., 2022) and time-sensitive downstream
tasks such as question answering (Chen et al., 2021;
Liska et al., 2022; Dhingra et al., 2022; Agarwal
and Nenkova, 2022). Other studies have shown that
emerging entities and shifts in word meaning or
frequency can likewise affect model performance
(Rijhwani and Preotiuc-Pietro, 2020; Onoe et al.,
2022; Pramanick et al., 2022). Together, these find-
ings motivate the study of neologisms as a lexical-
level manifestation of temporal language change.

Neologism Research in LLMs Research on ne-
ologisms has traditionally focused on collecting
and classifying new words, analyzing their forma-
tion and emergence, and tracing their diffusion in
online communities (Pinter et al., 2020; Ryskina
et al., 2020; Zhu and Jurgens, 2021). More recently,
studies have begun to evaluate how well LLMs un-
derstand rapidly changing expressions such as neol-
ogisms, slang, and memes (Zheng et al., 2024; Sun
et al., 2024; Mei et al., 2024). Unlike traditional
work on out-of-vocabulary (OOV) items, this line
of research emphasizes novel forms and meanings,
word-formation patterns, and community-based
usage (Garneau et al., 2018; Nayak et al., 2020;
Araabi et al., 2022). Earlier computational studies,
for example, investigated the recovery of source
words in English lexical blends and the incorpora-
tion of linguistic knowledge about neologism for-
mation (Cook and Stevenson, 2010; Cook, 2010),
while recent work has expanded to lexical profi-
ciency, scientific neologism translation, slang sense
alternation, and culturally or regionally specific
slang (Ciaccio et al., 2025; Lerner and Yvon, 2025;
Aloraini et al., 2026; Wu and Sun, 2025; Wuraola
et al., 2026).

Among these studies, NEO-BENCH (Zheng
et al., 2024) is the most closely related to our work.
It evaluates recent English neologisms through ma-
chine translation, cloze question answering, defini-
tion generation, and perplexity, with an emphasis
on model robustness to lexical temporal drift. Ko-



NeoBench complements this perspective by focus-
ing on Korean lexical change and evaluating multi-
ple aspects of neologism knowledge, including ne-
ologism recognition, source-component recovery,
semantic and specialized-domain categorization,
and definition generation. In particular, its expert-
curated lexical annotations allow us to evaluate not
only whether a model recognizes or interprets a
recent expression in context, but also whether it
captures the word-formation and semantic proper-
ties that characterize Korean neologisms.

Korean NLP Benchmarks and Neologism Ko-
rean NLP has also seen the development of various
evaluation resources. Benchmarks such as KLUE,
KoBEST, HAE-RAE Bench, and Ko-H5 provide
important foundations for evaluating understand-
ing, reasoning, knowledge, cultural context, and
LLM performance (Park et al., 2021; Jang et al.,
2022; Son et al., 2024; Park et al., 2024). However,
they mainly target general language understanding
or relatively static linguistic knowledge. In paral-
lel, linguistic research on Korean neologisms has
examined not only data collection but also word-
formation patterns, usage contexts, and lexicaliza-
tion processes (Moon, 1999; Lee and Kim, 2014;
Nam, 2015; Lee, 2006, 2024). Building on these
two lines of research, KoNeoBench provides a lin-
guistically grounded benchmark to evaluate how
well LLMs understand the recent Korean lexical
change across morphological, semantic, and con-
textual dimensions.

3 KoNeoBench: A Benchmark Dataset of
Korean Neologisms

3.1 Data Collection

Korean neologism data have been compiled an-
nually under the supervision of the National In-
stitute of Korean Language since 1994. We use
1,785 neologisms listed in annual publications pro-
duced since 2020 under the same methodology. The
source corpus consists of articles from major gen-
eral and business newspapers in Korea. Candidate
neologisms were first extracted automatically as
out-of-vocabulary items, and were then screened
and supplemented by lexicography experts. The
final list for each year was determined by verify-
ing first occurrence dates in Naver News, which
contains article data from around 130 media out-
lets. Figure 2(a) illustrates the overall collection
pipeline, and Appendix A.l provides additional
details.

(a) Data Collection Process
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Figure 2: KoNeoBench dataset: (a) data collection pro-
cess and (b) an example of a neologism and its attributes.

In the automatic candidate collection stage, can-
didate words are identified mainly from nouns by
comparing corpus items with the headword list
of the Standard Korean Language Dictionary, the
largest normative dictionary of Korean, and then re-
moving inflected and plural forms. Because Korean
is an agglutinative language, this process inevitably
produces noise and may miss genuine neologisms,
making expert review essential.

In the validation stage, candidates are first fil-
tered using rule-based criteria and then reviewed
by experts. A candidate is accepted as a neologism
if it (1) is created to refer to a newly emerged object
or phenomenon, (2) expresses a new nuance despite
the existence of a conventional expression, or (3)
functions as a phrasal unit with a unified lexical
meaning. Proper nouns, group-specific expressions,
nonce words, and foreign words not established in
the Korean lexical system are excluded. In practice,
the automatically extracted out-of-vocabulary list
contained 1,627,371 candidates over five years, but
most were mechanically identified errors such as
incomplete fragments, failed morphological analy-
ses, or misspellings. After automatic filtering and
expert review, only 1,269 items were retained as
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Figure 3: Data Statistics in KoNeoBench. (a) Distribution by survey year. (b) Distribution by semantic and specialized
domain categories. (c) Distribution by type of word-formation.

neologisms, illustrating the substantial reduction
required to obtain the final set.

In addition, to find neologisms that could not be
captured by automatic extraction, we conducted a
manual addition stage by experts using pragmatic
markers in the corpus, through which 516 addi-
tional neologisms were obtained. Pragmatic mark-
ers are contextual cues in text that signal the pres-
ence of a neologism, as in expressions such as the
Korean expression ‘z-2h= 4A10]* (‘a neologism
called z’), which are regarded as important indica-
tors for assessing both the novelty and the degree of
establishment of a neologism (Klosa-Kiickelhaus
and Wolfer, 2020; Lee, 2024).

3.2 Data Descriptions and Statistics

As shown in Figure 2, KoNeoBench includes not
only a list of neologisms but also their associated
attributes: dictionary-style definitions and usage
examples, survey year, the source form, the word-
formation type, the domain type (general vs. ter-
minological), the semantic category, and the spe-
cialized domain for terminological neologisms. De-
tailed descriptions of these attributes are provided
in Appendix A.2.

Figure 3 presents the distributional characteris-
tics of the dataset from several perspectives. Across
the years, roughly 400 neologisms were consis-
tently collected each year from 2020 to 2024. In
terms of word-formation patterns, multi-word (or
phrasal) neologisms formed by combining two or
more words, account for the largest share at 58.9%,
followed by neologisms created through abbrevi-
ation and blending. This pattern is closely related
to the spread of English through the web. The high
proportion of abbreviated and blended forms, such
as ‘S 7} (ho-kangseu, ‘hotel + vacance,” a stay-
cation at a hotel), also reflects a characteristic of
Korean word-formation that allows relatively free
truncation and recombination at the syllable level,
particularly in loanwords from English.

The distribution in Figure 3(b) shows that the
top six semantic categories (politics, economy, So-
ciety, human, life, and health) account for 82.7% of
the dataset, suggesting that these areas are socially
salient domains in which new vocabulary is ac-
tively created and circulated within the community.
A similar skew is observed in the distribution of the
801 terminological neologisms, with particularly
high proportions in health and welfare, reflecting
the exceptional social conditions of the COVID-19
pandemic. In this way, neologisms reflect the socio-
cultural context of the period in which they emerge.
Evaluating LLMs on neologisms therefore mea-
sures not only lexical knowledge but also whether
models recognize lexical expressions tied to recent
social and cultural phenomena. Direct evaluation
of broader sociocultural reasoning is left to future
work.

3.3 Evaluation Tasks

KoNeoBench provides not only a list of neologisms
but also associated attributes, which make it possi-
ble to design a variety of evaluation tasks. In this
paper, we designed four tasks for evaluating con-
textual understanding, source word identification,
categorical understanding, and definition genera-
tion in neologism processing, and provide test sets
consisting of questions, gold answers, and evalua-
tion criteria. Figure 4 presents example instances
for each task, and Appendix B provides the details.

3.3.1 Task 1: Contextual Identification

Task 1 is a multiple-choice cloze task in which the
masked neologism must be identified from its orig-
inal usage context. Distractors include contextually
plausible but incorrect hard negatives constructed
based on lexical semantic relations, such as con-
ceptual or morphological similarity (Leech, 1981),
as well as randomly selected words that serve as a
baseline. Additionally, because Korean case parti-
cles can provide semantic and syntactic cues, we



Task1: Contextual Neologism Identification
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ZaE 24
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(platform-based transport operator)
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(platform user)

=A=
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(zoom-drrinkers)
D. H8¥(2)

(cheering for the opposing side)

C.3ER)
(extreme width)

E: Hard Negative

* Particles in () are included in [MASK] and candidates for the type 2 questions.

FO{Z 2H SO oiel A Z0j0f AFZE FY YRS XA,

(For the given surface syllables, identify the actual components used in forming the word.,)

Input: {2E4E} (ontact)

Task2: Source Word Identification

HAECHBe NS0 SRS RULE
(Although this film was released simultaneously online and offline, {home premiere fee} was relatively
expensive, so more people than expected went to theaters.)

AZNE N6 FW 4B 1S D. 5A2 E 23
(concept)  (economic life)  (education)  (plants & animals)  (culture)

Task4: Definition Generation

"OZE{R2 L0l AAHE FO|E YHGHAIL. Write the definition of “0fZ £ 2 LHaftercorona)”

. (omitted)

Example: 22 A0 A O ZE|ZZLIS CHE[S}7| I3 o 7| 47+ 2 LIACE
(A CEO of a company has stepped forward to oversee the situation in the tourism industry, in order to

prepare for the post-COVID era.)

“gatol 2 e
(online+contact).

—

FAE2LH92| MAH W0l SHE F2| A7|
(The period after the end of the COVID-19 global pandemic,)

Figure 4: Examples of the four evaluation tasks in KoNeoBench.

construct two variants of the test set: Type 1, where
the mask and answer candidates contain only the
word, and Type 2, where the particle is included
together with the word (See Figure 4).

3.3.2 Task 2: Source Word Identification

Task 2 is motivated by Korean lexicographic prac-
tice, which marks component boundaries in com-
plex words, and by speakers’ tendency to infer unfa-
miliar neologisms through their constituents. Even
when encountering an unfamiliar word not listed
in a dictionary, native speakers can segment its
source words and infer its meaning by identify-
ing the underlying word-formation process, such
as compounding, abbreviation, or blending. This
task evaluates whether LLMs can perform a similar
kind of linguistic inference.

The test set covers 396 neologisms whose forma-
tion types are blends or abbreviations, and includes
gold annotations of their constituents and corre-
sponding source words. These forms combine trun-
cated or omitted source words, making the original
forms difficult to identify from the surface form
alone. For example, in ‘danmato — dalda(sweet) +
tomato’, the source words cannot be reconstructed
simply by segmenting the surface syllables. To
solve this task, an LLM must use the partial syllabic
form of a neologism as a cue and identify seman-
tically and phonologically plausible source words
in the Korean lexicon. The task therefore evaluates
source-component recovery and sensitivity to recur-
ring formation patterns, beyond whether the model
has learned the surface form and meaning of neolo-
gisms. We use prompts that explicitly instruct the
model to identify the source-component recovery;
examples are provided in Appendix B.2.

3.3.3 Task 3: Neologism Categorization

Task 3 evaluates whether a model can understand
the categorical meaning of Korean neologisms. It
consists of two subtasks: semantic categorization,
which assigns each neologism to one of 16 gen-
eral semantic categories, and specialized domain
categorization, which assigns 801 terminological
neologisms to one of 43 specialized domains.

Semantic categorization tests whether a model
can classify neologisms into semantic categories as
humans do, reflecting the fact that neologisms typi-
cally emerge within particular semantic domains.
The specialized domain categorization task asks
whether the model can identify the specialized do-
main of a terminological neologism, thereby mea-
suring its sensitivity to register and domain speci-
ficity. Since terminological neologisms are often
tied to particular knowledge communities and may
be opaque outside them, this task provides a useful
indicator of whether a model can capture not only
its basic meaning but also its domain of use.

For each category system, we design two ques-
tion formats; Type 1 is an odd-one-out task in
which the model selects the one item that belongs
to a different category from five candidate neolo-
gisms; Type 2 is a classification task in which the
model directly predicts the category of a given ne-
ologism (See Figure 4). By evaluating both tasks,
it is possible to distinguish whether a model can
merely group words into a coherent lexical class or
can further link that class to an explicit category la-
bel. A neologism may be grouped with other words
from the same class based only on formal similarity
or co-occurring context, but assigning the correct
category name requires a different level of under-
standing. For Type 2, we evaluate two input set-
tings: one with the neologism alone, and the other



with both the neologism and its usage example.

3.3.4 Task 4: Definition Generation

Task 4 is a generative task that evaluates whether
a model can produce a dictionary-style definition
of a neologism. It goes beyond identifying a ne-
ologism’s form or category and tests whether the
model can explain its core meaning in natural lan-
guage. We consider two input settings: a context-
free setting with only the neologism, and a context-
based setting with both the neologism and a usage
example.

Definition writing is one of the most difficult
tasks in lexicography, as it requires both seman-
tic analysis and concise expression in a restricted
metalanguage(Hanks, 2015). This makes the task
linguistically meaningful, as it evaluates whether
a model can both infer the meaning of a neolo-
gism and express it accurately in dictionary-style
language. The prompt template is provided in Ap-
pendix B.2.

4 Evaluation and Analysis

4.1 Evaluation models

Using KoNeoBench, we evaluate recent LLMs and
analyze the results. Our goal is not to compare
the superiority of particular model families, but to
examine the overall performance trends and limita-
tions of LLLMs with different training backgrounds,
scales, release dates, and degrees of suitability for
Korean language processing in handling Korean
neologisms. To this end, we evaluate a total of nine
models, including commercial API-based models,
open-weight models, and Korean-specialized mod-
els. Details of the evaluated models are summarized
in Table 6 in the Appendix.

4.2 Evaluation criteria

For Task 1 and Task 3, we use the standard evalu-
ation metric of classification accuracy, since both
are multiple-choice tasks. For Task 2 and Task 4,
which require free-form responses, we design task-
specific evaluation criteria.

Coverage & Precision for Task 2. To evaluate
source word identification in Task 2, we use cov-
erage, precision, and their harmonic mean (F1) as
metrics, so as to account for cases where the model
identifies only part of the gold source words or gen-
erates unnecessary additional ones. Coverage mea-
sures the proportion of gold source words correctly
identified by the model, while precision measures

the proportion of generated source words that are
actually included in the gold answer. Details are
provided in Appendix B.3.

LLM-as-a-Judge for Task 4. We evaluate
LLMs’ generated definitions by comparing them
with the gold definitions in KoNeoBench. Because
the same meaning can be expressed in multiple
ways, simple lexical matching is not appropriate.
We therefore adopt an LL.M-as-a-judge approach,
using Gemini, a model from a different family than
the evaluated LLMs, to assess semantic equiva-
lence.

LLM-based evaluation of generated outputs has
become common and has also been adopted in prior
benchmark studies (Zheng et al., 2023, 2024). To
address concerns about reliability, we propose eval-
uation criteria carefully designed by lexicography
experts. The criteria cover three dimensions for a
total of 10 points: semantic adequacy, fluency, and
factuality. The full criteria and judge prompt are
given in Appendix B.4 and B.2. We also conduct
human validation on a subset of samples to verify
the reliability of the automatic evaluation; details
are provided in the results section.

4.3 Evaluation Results and Analysis

Table 1 summarizes the results of all models across
all tasks. The GPT series performs best overall,
while earlier open models such as Solar-10.7B and
LLaMA-3.1 perform worst, likely reflecting the
time-sensitive nature of neologisms. In most tasks,
average scores remain around 30-50 out of 100,
indicating that LLMs’ understanding of Korean
neologisms is still limited. Since most evaluated
models were released between 2024 and 2026 (See
Table 6), after the emergence of the large portion of
neologisms in KoNeoBench, this low performance
cannot be attributed solely to knowledge cutoff
and may also reflect the inherently low-frequency
nature of neologisms. Performance gaps are es-
pecially large in Task 4, suggesting that definition
generation is particularly discriminative. Large vari-
ation is also observed in the specialized domain
categorization task (Task 3), possibly due to differ-
ences in training data diversity. Figure 22 demon-
strates further information for each task.We also
compared model performance with human perfor-
mance on subsets of Tasks 1-3. Linguistics majors
performed better than GPT-5.4 on Tasks 1 and 2,
while GPT-5.4 performed better than the overall
human group on the specialized-domain setting of



Table 1: Evaluation results on four tasks in KoNeoBench. (Ave. pts. denotes the average LL.M-as-a-judge score
points. For each task, the best performance is shown in red and the worst performance in blue. )

Model Task 1 (Acc. %) Task 2 Task 3 Semantic (Acc. %) Task 3 Spec. Domain (Acc. %) Task 4 (Ave. pts)
typel type2 cov. prec. Fl typel type 2 type 1 type 2 w/oex. Ww/ex.
w/o part. w/ part. w/o ex. w/ ex.(diff) w/o ex. w/ ex.(diff)
GPT-4.1 54.62 5221 4371 44.13 4378 63.00 47.00 57.54(10.541) 80.00 57.88 63.38(5.501) 7.15 8.47
GPT-5.4 66.16 62.97 49.77 50.33 49.96 66.80 53.28 62.52(9.241) 84.12 64.38 67.503.121) 7.49 8.69
Solar Pro3-12B 4434  41.82 3248 33.86 3290 37.14 36.13 49.52(13.391) 52.12 4938 57.25(7.871) 6.68 7.79
Solar-10.7B 37.98 36.69 9.89 987 9.76 32.77 25.10 37.98(12.881) 49.50 23.25 33.12(9.871) 3.5 4.41
EXAONE-3.5-7.8B  47.09 4540 2348 2493 24.00 34.12 3345 48.12(14.671) 40.12 17.00 22.38(5.381) 6.17 7.53
EXAONE-4.0-32B  52.86 50.84 23.80 24.69 24.08 42.69 37.14 53.05(15911) 54.62 5038 63.00(12.627) 6.07 7.53
Qwen2.5-7B 40.47 38.00 18.03 18.79 18.19 36.53 34.62 48.80(14.1817) 48.00 42.50 53.50(11.007) 5.56 6.81
Qwen3.5-9B 4740  46.64 2342 24.04 23.62 39.94 37.76 51.09(13.331) 57.13 4825 57.88(9.631) 5.58 7.05
LLaMA-3.1-8B 34.47  30.72 15.51 15.80 15.50 28.90 32.94 47.68(14.741) 32.75 33.25 39.62(6.371) 5.19 6.31
Mean 4727  45.03 26.68 27.38 26.87 4243 37.00 50.70(13.7017) 55.37 42.92 50.85(7.931) 5.93 7.18
Max—Min 31.69 3225 39.88 40.46 40.20 3790 28.00 24.54 51.37 47.38 45.12 3.99 4.28

Task 3. Full results and statistical tests are reported
in Appendix D.

4.3.1 Results on Task 1

As shown in Table 1, the best performance is
achieved by GPT-5.4, a recently released API
model. GPT-4.1, released about a year earlier,
and EXAONE-4.0, a Korean-specialized model re-
leased around the same time, show similar per-
formance. By contrast, Solar Pro3, despite be-
ing a recently released Korean-specialized model,
performs below expectations, even falling behind
EXAONE-3.5, a smaller Korean-specialized model
released earlier.

Even the best-performing model reaches only
the 60% range in accuracy. To better understand
this limitation, Figure 5 breaks down the types of
answers selected by the models. Most incorrect pre-
dictions are hard negatives, showing that this task
measures not only general contextual understand-
ing but also fine-grained discrimination among ne-
ologisms. In other words, models can usually iden-
tify the broad contextual area in which a neolo-
gism should appear, but often fail to distinguish
the correct neologism from other plausible candi-
dates within that area. The poor performance of
the Korean-specialized model Solar Pro3 is also
largely due to these hard-negative errors (53%),
suggesting that learning general Korean vocabulary
alone is not sufficient for fine-grained discrimina-
tion among neologisms.

We also compare the results by whether the
masked item includes a case particle. For all mod-
els, Type 2, which includes the particle, performs
worse than Type 1 (average 2.24%). This suggests
that case particles may impose an additional seg-

Task 1 Prediction Distribution by Answer Type
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Figure 5: Distribution of LLM responses to type 1 ques-
tions in Task 1.

mentation and prediction burden when models pro-
cess unseen neologism forms.

4.3.2 Results on Task 2

From Table 1, no model exceeds 50 F1 on Task
2. The best-performing model, GPT-5.4, achieves
only 49.96 F1, showing that current LLMs re-
main far from solving this task. Neither parameter
scale nor Korean-centric pretraining reliably pre-
dicts performance: EXAONE-4.0 (32B) shows lit-
tle improvement over the much smaller EXAONE-
3.5 (7.8B), and both Korean-specialized EXAONE
models perform similarly to the general-purpose
Qwen3.5.

The difficulty is further increased by the irregu-
larity of truncation, since both the position and unit
of truncation (word, syllable, or phoneme) vary un-
predictably across items. As shown by GPT-5.4’s
incorrect predictions (Table 8 in the Appendix),



LLMs often struggle to recover source lexemes
from multiple lexical strata. Overall, the results on
Task 2 indicate that current LLMs still face sub-
stantial difficulty in attaining native-speaker-level
understanding of neologisms that emerge dynami-
cally within a language community.

4.3.3 Results on Task 3

Semantic Categorization. In the semantic cat-
egorization Type 1 task, GPT-5.4 and GPT-4.1
achieve 66.80% and 63.0%, respectively, whereas
EXAONE-4.0, the next best model, reaches only
42.69%, showing a large gap from the GPT models.
This suggests that, regardless of Korean specializa-
tion, models with stronger general language under-
standing are better at comparing semantic similarity
and contrast among neologisms. At the same time,
even the best results remain in the 60% range, still
indicating clear limitations in this categorization
setting.

For Type 2, the best accuracy is lower than in
Type 1, which may partly reflect the larger number
of target classes (16). However, as shown by the
numbers in parentheses in Table 1, performance
improves substantially when usage examples are
provided, with gains exceeding 10% for most mod-
els. This result suggests that actively leveraging
usage example may improve LLMs’ understanding
of neologisms.

Specialized Domain Categorization. Overall
performance is higher than for semantic categoriza-
tion, but the gap between the best and worst mod-
els exceeds 50%, making performance differences
across models even more pronounced. Although
the number of specialized field categories (43) is
larger than that of semantic categories, their bound-
aries are relatively clearer, which likely contributes
to the higher performance in Type 1. Still, the gap
between the GPT models and the others remains
large: the GPT series scores above 80%, whereas
LLaMA-3.1 stays in the 30% range, possibly re-
flecting differences in the diversity and domain
coverage of the training data.

As with semantic categorization, Type 2 in spe-
cialized domain categorization also benefits from
the use of usage examples, although the improve-
ment is relatively modest. This is likely because
identifying a specialized field requires the model
to infer not only the knowledge domain but also
its area of use, which cannot be fully inferred from
local context alone.
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Figure 6: Analysis of LLMs’ average scores on Task 4:
(a) Performance by model release dates and scales (b)
Performance by survey year of neologisms.

4.3.4 Results on Task 4

The Task 4 scores in Table 1 are obtained through
automatic evaluation by Gemini as the judge LLM.
GPT-5.4, the best-performing model, achieves 7.49
out of 10 without usage examples and 8.69 with us-
age examples, indicating very strong performance.
In contrast, Solar-10.7B, the lowest-performing
model, scores only 3.50 without usage examples
and 4.41 even when examples are provided, show-
ing a clear performance gap across models. A de-
tailed breakdown by evaluation criterion is pro-
vided in Figure 28 in the Appendix.

Generating a dictionary-style definition and eval-
uating it against a gold definition requires a model
to articulate the meaning of a neologism rather than
select among given options. We therefore conduct
a more detailed analysis of Task 4, shown in Fig-
ure 6. Figure 6(a) shows the relationship between
model release date and performance, with marker
size indicating model scale. In both the setting with
usage examples (left) and the setting without us-
age examples (right), more recently released mod-
els tend to perform better. Also, the setting with
usage examples shows greater separation across
models, suggesting that it is a more informative
evaluation setup. Additionally, Korean-specialized



models (red markers) generally maintain relatively
strong performance regardless of scale or release
date.

Figure 6 (b) shows model performance grouped
by survey year in which the neologisms first ap-
peared. In the setting without usage examples (left),
performance declines clearly for more recent neolo-
gisms, and this trend is observed fairly consistently
across models. With usage examples (right), overall
performance improves, and the decline for more re-
cent neologisms is also reduced. The corresponding
year-wise performance distributions for the other
tasks are provided in the Appendix.

To validate the automatic evaluation by the judge
LLM, we asked a lexicography expert to assess 250
definitions generated by GPT-5.4 and compared
the scores. Figure 27 in the Appendix shows the
distributions of the Gemini and human evaluation
scores. The average scores and linear regression
results indicate that Gemini tends to assign slightly
higher scores than the human evaluator, but the two
still show a strong positive correlation (r = 0.708).
A detailed analysis is provided in Appendix D.

5 Discussions

In this section, we discuss a number of observations
arising from the results and consider their impli-
cations for understanding and evaluating LLMs’
ability to process Korean neologisms.

Definition Generation as a Measure of Korean
Neologism Understanding. Comparing the re-
sults across the four tasks suggests that definition
generation (Task 4) is a particularly useful measure
for evaluating LLMs’ understanding of Korean ne-
ologisms. It shows greater performance separation
across models than the other tasks and also corre-
lates well with the evaluation results of the remain-
ing tasks (See Figure 26). We therefore present defi-
nition generation as a complementary and compara-
tively comprehensive task, since it requires models
to articulate meaning rather than select an answer.
In the case of Korean, this task also has a practi-
cal advantage, since annual neologism dictionaries
are published regularly, making it possible to ob-
tain gold definitions without additional large-scale
expert annotation. While the reliability of LLM-as-
a-judge remains an important issue, the evaluation
criteria and prompting strategy proposed in this
work help address this issue. This may therefore be
considered one of the main practical contributions
of our study.

Challenges in LLLMs’ Understanding of Korean
Neologisms. The results across tasks point to
three main challenges for LLMs in understand-
ing Korean neologisms. First, time drift and low
frequency make neologisms difficult to learn, as
shown by the lower performance on more recent
items in Figure 6. Second, the agglutinative struc-
ture of Korean introduces additional difficulty, as
reflected in the weaker performance on particle-
attached forms in Task 1, which is unlikely to be
captured by English-centered benchmarks. Third,
LLMs still struggle with the formation patterns of
Korean neologisms. The below-50% results for all
models in Task 2 suggest that this limitation cannot
be addressed simply by scaling up training data
alone.

Using Examples to Improve Neologism Under-
standing. Despite these challenges, the results of
Task 3 and Task 4 show substantial performance
gains when usage examples are provided (see Table
1). This suggests that, in real-world settings, LLMs
may better understand neologisms by retrieving
and leveraging usage examples through retrieval-
augmented methods.

6 Conclusion

In this paper, we introduced KoNeoBench, the first
benchmark for multi-faceted evaluation of LLMs’
understanding of Korean neologisms. Built on a
five-year collection of Korean neologisms anno-
tated by lexicography experts, KoNeoBench covers
tasks such as source word identification, seman-
tic categorization, and definition generation, while
reflecting linguistic properties specific to Korean.
By treating neologisms as a distinct evaluation tar-
get, it reveals challenges in real-world language
use that are not fully captured by existing Korean
benchmarks centered on standard vocabulary.

Using KoNeoBench, we proposed an evaluation
framework for Korean neologism understanding,
analyzed the major sources of difficulty for cur-
rent LLMs, and showed that usage examples can
substantially improve performance. We hope Ko-
NeoBench will serve as a useful step toward evalu-
ation frameworks that better capture ongoing lan-
guage change in Korean.

Limitations

The neologism set used in this study is limited to
items observed between 2020 and 2024. Earlier
neologisms were excluded in light of the fact that



recent LLLMs are mainly trained on data extending
beyond 2023. Neologisms from 2025 are currently
being curated and will be incorporated into a future
release. In addition, semantic neologisms, in which
existing words acquire new meanings, are excluded
because their first occurrence dates are difficult to
determine reliably. The collection and evaluation
of semantic neologisms will be addressed in future
work. KoNeoBench is based on neologisms col-
lected from online news articles. While many neol-
ogisms first appear in online communities or other
informal settings, news media provide a practical
source for large-scale collection and verification.
Some recent expressions, especially those used in
informal or community-specific settings, may be
less well represented before they appear in news
coverage. Future versions of the benchmark will
extend the collection to social media and online
communities, with additional procedures for verifi-
cation and tracking first attestation dates.
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A Data Construction

A.1 Data Collection Process

This appendix describes the detailed criteria and
yearly statistics of the Korean neologism collection
procedure summarized in Section 3.1. Our neolo-
gism list is based on annual collections compiled
from 2020 to 2024 under a consistent methodology.
The process consists of four stages: automatic can-
didate collection, filtering, expert validation, and
manual addition.

Automatic Candidate Collection. In this stage,
unregistered noun candidates were extracted from
the yearly corpus using LRNounExtractorv2, an
unsupervised Korean noun extractor. The tool seg-
ments sentences into content-word and function-
word pairs and extracts candidate single and com-
pound nouns based on frequency and distributional
information. Because the extracted set includes not
only genuine neologisms but also incomplete frag-
ments, failed analyses, and misspellings, additional
filtering is required.

Automatic Filtering. This stage removes candi-
dates unlikely to be neologisms. We exclude (1)
forms containing characters other than Hangul or
Roman letters, (2) forms already attested before the
target year by comparison with a large inventory
of about 330 million word forms, (3) forms listed
in the Standard Korean Language Dictionary, and
(4) inflected or plural forms ending in particles or
verbal endings. We also remove candidates that are
found, through Naver News search, to have been
used before the target year.

Because Korean is agglutinative, nouns com-
bine with many particles and predicates appear in
many inflected forms. Spacing also does not always
match lexical boundaries, and spacing variation is
common in actual use. As a result, automatic extrac-
tion of unregistered forms alone does not reliably
identify neologism candidates. This is especially
true for low-frequency items. This limitation is
reflected in the collection statistics. As shown in
Table 2, automatic extraction produced 1,627,371
candidates from 2020 to 2024, but only 1,269 were
finally accepted as neologisms after expert review.

Expert Validation. Final decisions on neolo-
gismhood were made through expert review. In the
source data, an item was accepted as a neologism
if it (1) referred to a newly emerged object, con-
cept, or phenomenon, (2) expressed a new nuance

Year Candidates  Expert-valid. ~ Ratio (%)
2020 409,754 237 0.06
2021 193,905 135 0.07
2022 246,595 211 0.09
2023 322,177 282 0.09
2024 454,940 404 0.09
Total 1,627,371 1,269 0.08

Table 2: Yearly statistics of automatically extracted can-
didates and retained neologisms after expert validation.

or attitude despite the existence of a conventional
expression, or (3) functioned as a phrasal unit with
a unified lexical meaning. Proper nouns, expres-
sions restricted to individuals or specific groups,
nonce words, and foreign words not established in
Korean were excluded.

Manual Addition. To address the limitations of
automatic extraction, we also conducted manual
collection. This step is particularly important for
low-frequency items. We relied on pragmatic mark-
ers, such as “a neologism called z”, “so-called =’
and similar contextual cues that indicate the use
of a new or unfamiliar expression. Such markers
have been discussed as useful indicators of both
the novelty and the establishment of neologisms

(Klosa-Kiickelhaus and Wolfer, 2020; Lee, 2024).

s

A.2 Data Attributes

The KoNeoBench neologism list contains Korean
neologisms collected from 2020 to 2024, together
with attributes such as survey year, lemma form,
source form and word-formation type, semantic
category, specialized field, definition, and usage
example. The data is released in CSV format, and
Table 3 shows sample entries. The attributes are
described below.

* Survey year indicates when a neologism was
first identified within the collection period. Be-
cause each annual survey covers news articles
published from July 1 of the previous year to
June 30 of the target year, a 2020 neologism
refers to an item first attested between July 1,
2019 and June 30, 2020. This attribute is used
to analyze yearly distributions and temporal
changes in model performance.

* Index form is the normalized form for index-
ing and sorting. It removes spacing, hyphens,
and other boundary markers from the regis-
tered lemma, so that even phrasal expressions
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Table 3: Example entries from KoNeoBench.

and compounds are represented as a single
continuous string.

Source form indicates the original elements
of a neologism. Native Korean items are given
in Hangul, Sino-Korean items in Chinese char-
acters, and loanwords in their original forms
with source-language labels. This attribute
helps identify whether a neologism is formed
from native Korean, Sino-Korean, loanwords,
or a mixture of them.

Word-formation type specifies how a neolo-
gism was created, including root creation, pre-
fixation, suffixation, compounding, borrow-
ing, abbreviation, and blending. This attribute
is particularly important for abbreviation and
blending, where the surface form often differs
from the underlying constituents.

Domain type (general/terminological) dis-
tinguishes everyday neologisms from techni-
cal terms used in specific academic, industrial,
or social domains.

Specialized domain specifies the concrete
domain of a neologism when it is classified
as terminological neologism. The categoriza-
tion follows the specialized-field taxonomy
of ‘Urimalsaem’, which contains 67 fields in
total. The terminological neologisms in our
dataset are distributed over 43 of these fields.

This attribute can be used as the gold label for
specialized domain categorization.

Semantic category indicates the semantic do-
main of the concept denoted by a neologism. It
is based on the lexical semantic category sys-
tem of the Basic Korean Dictionary, with ad-
ditional categories such as health & medicine
and information & technology to reflect recent
neologisms, resulting in a 16-category system.

Definition is a dictionary-style description of
a neologism. It conveys the meaning, function,
and usage of the entry, and is used as the gold
definition in the definition generation task.

Usage Example shows how a neologism is
used in real context. It is based on attested
news usage, edited to follow language norms.
The headword may be marked with braces,
and proper nouns are anonymized.

Frequency indicates how often a neologism
appears in the collected data or analysis cor-
pus.

Source word identification is provided only
for non-phrasal neologisms and describes
their internal morphological structure. It iden-
tifies the morphemes or meaningful con-
stituents of a neologism, rather than simply



segmenting the surface string. This is espe-
cially important for abbreviations and blends,
and is directly used in the source word identi-
fication task (Task 2).

A.3 Test Set Examples

The benchmark dataset described in Appendix A.2
already includes the answers to Task 2 (source word
identification), Task 3-Type 2 (category), and Task
4 (definition). By contrast, Task 1 and Task 3-Type
1 are multiple-choice tasks, so they require candi-
date options and gold labels for testing and evalua-
tion. This section describes the test sets for Task 1
and Task 3-Type 1.

A.3.1 Task 1 : Contextual Identification.

The test set for Task 1 is built from each neolo-
gism and its attested usage sentence. We create a
cloze question by replacing the target neologism
with [MASK]. Each multiple-choice item includes
the correct answer, one contextually plausible hard
negative, and three random distractors sampled
from the benchmark dataset. The hard negative
may be conceptually or morphologically similar
to the target, semantically contrastive, in a hyper-
nym-hyponym relation, or related in sociocultural
background or usage context. Although such hard
negative distractors may fit the sentence grammat-
ically or appear partly relevant, they do not fully
match the exact referent, semantic focus, or prag-
matic nuance of the target neologism.

We further define two input conditions. In the
first condition (Type 1), only the target neologism
is replaced by [MASK], while the original case
particle remains in the sentence. All answer can-
didates are therefore presented in lemma form. In
the second condition (Type 2), both the neologism
and the attached particle are replaced by [MASK],
and each candidate is presented with an appropriate
particle. By comparing these two conditions, we
examine whether models rely on morphosyntac-
tic cues such as case particles when selecting the
correct answer.

A.3.2 Task 3 (Type 1) : Neologism
Categorization.

Task 3 (Type 1) test set is designed to evaluate
whether a model can recognize categorical sim-
ilarity and difference among multiple neologism
candidates. Each question consists of five candidate
neologisms. One is the target neologism, and the
other four belong to the same category, which is

Option Term Semantic category

A oPsopgTE
(childcare voucher)

Politics and
administration

B ¢H4 714t Health and medicine
(protective partition)

C o AT Politics and
(Abenomask, Abe’s mask) administration

D oty A7+ Politics and
(security triangle) administration

E <EA849Y Politics and
(drug treatment court) administration

Table 4: Test example from Task 3 (semantic category),
Type 1: Five candidates, including the correct answer
(shown in blue)

Option Term Specialized domain

A SHEGIEE
(anti-algorithm)

B FAHIEZHE
(quantum bit platform)

c A#sd
(ex-official service
contract)

D etuolrz

Information and
communication
Information and
communication
General society

Information and

(on-device phone) communication
E  2AlXx¢o]oto] Information and
(on-sensor Al) communication

Table 5: Test example from Task 3 (specialized domain
category), Type 1: Five candidates, including the correct
answer (shown in blue).

different from that of the target. Thus, the four dis-
tractors share a single category, while only the tar-
get belongs to a different one. The model is asked
to select the item whose category differs from the
others, making the target the correct answer.

For semantic categorization, we use the 16 se-
mantic categories assigned to the full dataset. For
each target, we randomly choose a category dif-
ferent from its gold label, sample four neologisms
from that category, and combine them with the tar-
get. The candidate order is then shuffled, and the
target serves as the correct answer. Table 4 shows
an example. The same procedure is used for spe-
cialized domain categorization, except that only ter-
minological neologisms are included; Table 5 gives
an example. To ensure that four same-category dis-
tractors can be constructed reliably, categories with
too few candidates are excluded from random sam-

pling.



Model Provider Access  Model Size Release Date Note

GPT-4.1 OpenAl API Undisclosed 2025-04-14 —

GPT-5.4 OpenAl APIL Undisclosed 2026-03-05 —

Solar Pro3 Upstage API Undisclosed 2026-01-26 Korean-optimized commercial
model

Solar-10.7B-Instruct Upstage Open weights  10.7B 2023-12-23 —

EXAONE-3.5-7.8B-Instruct LG Al Research ~ Open weights 7.8B 2024-12-06 Korean—English bilingual
instruction tuned model

EXAONE-4.0-32B LG Al Research ~ Open weights 32B 2025-07-15 Korean—English large language
model

Qwen2.5-7B-Instruct Qwen Open weights 7B 2024-09-19 —

Qwen3.5-9B Qwen Open weights 9B 2026-03-09 —

Llama-3.1-8B-Instruct Meta Open weights 8B 2024-07-23 —

Table 6: Overview of the large language models evaluated in this study.

B Evaluation Methods

B.1 LLM Models for Evaluation

Table 6 summarizes the large language models eval-
uated in this study. To compare Korean neologism
understanding across different model types, we
include both commercial API-based models and
instruction-tuned open-weight models. The API-
based models are GPT-4.1, GPT-5.4, and Solar
Pro3. The open-weight models are Solar-10.7B-
Instruct, EXAONE-3.5-7.8B-Instruct, EXAONE-
4.0-32B, Qwen2.5-7B-Instruct, Qwen3.5-9B, and
Llama-3.1-8B-Instruct.

The models were selected based on three main
considerations; (1) we include API-based models to
examine how recent commercial LLMs perform on
Korean neologism understanding; (2) we include
the Solar and EXAONE families to analyze the
performance of models specialized for Korean or
Korean—English bilingual settings; (3) we include
Qwen and Llama as general-purpose multilingual
open-weight models for comparison.

Table 6 reports each model’s provider, access
type, size, release date, and notable characteris-
tics. API-based models are marked as undisclosed
when parameter counts are not public, whereas
open-weight models are listed by their reported pa-
rameter size. Release date is included only as tem-
poral context and does not necessarily indicate the
training-data cutoff. All models are evaluated with
the same task prompts and procedure described in
the main text.

We used deterministic decoding for the selec-
tion and classification tasks by setting the tempera-
ture to 0. The answer option order was randomized
with a fixed seed of 42. For Qwen3.5, the thinking
mode was disabled to prevent intermediate reason-

ing traces from being included in the output. The
maximum output length was set according to the
expected output format of each task. Task 1 used 16
output tokens, Task 2 used 2048 output tokens, and
Task 3 Type 1 used 256 output tokens. For defini-
tion generation (Task 4), we limited the maximum
output length to 196 tokens. For the LLM-based
evaluation step, we used a thinking_budget of
1024 and set maxOutputTokens to 4096. We used
temperature 0.0 and top-p 0.95. The sampling op-
tion do_sample was set to [FALSE]. To prevent
generated definitions from containing Hanja, Chi-
nese, or Japanese characters, we enabled a decod-
ing time forbidden script token ban. In the context-
based condition, the usage example was provided
with the actual target neologism by replacing the
[MASK] placeholder with the corresponding head-
word before prompting the model.

B.2 Prompts for LLM execution

This appendix describes the prompt templates used
for LLM execution in KoNeoBench. All prompts
were designed to specify the role of the model, the
input fields, the task objective, and the required
output format. All prompts were written in Korean
in order to match the language of the benchmark
data and to minimize unintended translation ef-
fects. However, English translations are provided
only for readability and were not used for model
inference. Placeholders enclosed in braces, such
as {term}, {ex.}, {option_A} and {category}
were replaced with instance-specific values.

B.2.1 Prompts for Task 1

Task 1 evaluates whether a model can select the
most appropriate Korean neologism for a masked
position in an usage sentence. The prompt provides
a Korean sentence containing {MASK} and five can-



Task 1 Prompt

Korean Prompt
[System]

FAL ASe AEA 4] Fol REd Y
gh=o] B2 9171 [MASK]o| 714 A A%t slite
A E TEHA L.

A.B,C.D,E % slLto] di2Ahet Z2shiA] o
EEREER LR A

[User]

Question (£d):

{question}

Options:

A. {option_A}

B. {option_B}

C. {option_C}
D. {option_D}
E. {option_E}
A,B,C,D,E F shto] SR Fohi Al L.

Translation for Readability

[System]

You are a careful multiple-choice solver.

Read the Korean sentence and choose the single best
headword for [MASK].

Return only one uppercase letter among A, B, C, D, E.
Do not explain your choice.

[User]

Question (&d)):

{question}

Options:

A. {option_A}

B. {option_B}

C. {option_C}

D. {option_D}

E. {option_E}

Answer with only one letter: A, B, C, D, or E.

Figure 7: Prompt template for Task 1

didate headwords labeled from A to E. The model
is instructed to read the sentence and choose the
single candidate that best fits the masked position.
Figure 7 explains the prompt in both Korean and
English. In both variants, the user prompt contains
the same fields: the masked usage sentence and the
five options. The system prompt emphasizes care-
ful multiple-choice solving and explicitly prohibits
explanatory text, so that the model output can be
directly parsed as a single-choice answer.

B.2.2 Prompts for Task 2

Task 2 evaluates whether a model can reconstruct
the underlying components of a Korean neologism.
Unlike ordinary morphological analysis, this task
does not ask the model to segment the surface form
mechanically. Instead, the model is instructed to
infer the actual source components involved in the
word-formation process and to restore shortened,
blended, or transformed elements when appropri-
ate. Figure 8 presents the prompt of the task2. It
provides detailed analysis guidelines. The model

should avoid arbitrary syllable-level splitting, con-
vert numbers and foreign-language elements into
Korean notation and recover abbreviated forms
when possible. The final answer must contain only
the reconstructed components connected by plus
signs, without parentheses, quotation marks, com-
mas, spaces, or additional explanation.

B.2.3 Prompts for Task 3

Task 3 evaluates whether a model can identify the
semantic category or specialized domain of Korean
neologisms. The task consists of two formats: an
odd-one-out format (Task 3 (Type 1)) and a direct
category prediction format (Task 3 (Type 2)).

Task 3(Type 1) evaluates whether a model can
identify the neologism whose classification label
differs from the other four candidates. Figure 10
presents the prompt used for the semantic-category
setting, and Figure 11 presents the prompt used
for the specialized-domain setting. Each prompt
presents five Korean neologisms labeled from A to
E. Among them, four items share the same label
under a given classification scheme, while one item
belongs to a different label. The model is instructed
to select the odd-one-out item based on the actual
meaning of each neologism, rather than its surface
form or option position. For the semantic-category
setting, the prompt provides the complete list of
16 semantic categories. For the specialized-domain
setting, the same prompt structure is used with the
list of 43 domain labels. Thus, the two versions
differ only in the label inventory provided to the
model, while the task format, instruction structure,
and output constraint remain identical.

In Task 3 (Type 2), the model is given a single
neologism and asked to classify it into the most ap-
propriate category or domain. Figure 12-Figure 15
present the prompt templates used for Task 3 type
2 category prediction. This task evaluates whether
LLMs can assign a given Korean neologism to the
correct predefined category. We consider two types
of labels: 16 semantic categories for general neolo-
gisms and 43 specialized domains for terminolog-
ical neologisms. For each label type, we use two
input settings: a ‘w/o example’ setting, where the
model receives only the neologism, and a ‘w/ ex-
ample’ setting, where the model receives both the
neologism and its usage example. In all settings,
the full label inventory is provided in the prompt,
and the model is instructed to output only the cor-
responding category label, either a letter from A to
P for semantic categories or a number from 1 to 43



for specialized domains.

B.2.4 Prompts for Task 4

Task 4 evaluates whether a model can generate
definition for a Korean neologism. We used two
prompt variants for this task. In the ‘w/o example’
condition, the model receives only the target ne-
ologism. Figure 16 present the prompt templates
for this condition. In the ‘w/ example’ condition,
the model receives both the target neologism and
one usage example. Figure 17 present the prompt
templates for this condition. Both variants include
the same definition guidelines. The definition must
be direct, concise, non-circular, and semantically
clear. If pragmatic nuances such as praise or criti-
cism to the meaning of the neologism, the model
is instructed to reflect them in the definition when
necessary. The required output is exactly one JSON
object with two fields: term and definition. The
term value must preserve the input headword with-
out modification, and the definition value must
contain only one Korean sentence.
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Figure 8: Prompt template for Task 2




You are a linguistic expert who analyzes the source words of Korean neologisms.

[Important]

This task is not ordinary morphological analysis. Rather than mechanically segmenting the given neologism at the

surface level, your task is to reconstruct the actual source words that form the neologism according to a set of rules.

Analyze the source words of the input neologism according to the following guidelines.

[Analysis Guidelines]

1. Do not arbitrarily split surface syllables. Identify the actual source words used in word formation.

2. Numbers, English words, foreign words, alphabet names, and similar elements should all be written in Korean
script.

3. If a source words includes a predicate, such as a verb or adjective, restore it to its dictionary form ending in “-T}”.

4. If a component is abbreviated, restore it to its original full form whenever possible.

* However, abbreviations that are widely used independently or listed in dictionaries may be retained.

5. If a non-standard form has become established as a source words in actual language use, do not correct it to the
standard form; retain the form as used by speakers.

6. If a source words is a phrase, remove internal spaces and write it as a single unit.

7. Even if multiple analyses are possible, provide only the most plausible one.

[Procedure]

1. First, briefly analyze how the neologism was formed in no more than 2-3 sentences.

2. Infer which original word each part comes from.

3. After the analysis, verify whether the original neologism can be inferred by combining the reconstructed source
words with “+”.

4. After verification, write the final answer on the last line in the following format:
Answer: source wordl+source word2+. ..

[Output Format]
» Keep the analysis concise, within 2-3 sentences.
 The final line must begin with “Answer: ”.
* Do not include explanations, parentheses, quotation marks, commas, or spaces in the final answer.
¢ Connect the source words only with the “+” symbol.

[Examples]
Input: T+ 7]
Analysis: “¥E]] 7] is a blend formed by combining the beginning of “3+A]” and the latter part of “HEe}7]”. It
refers to a period of feeling tired or weary of interpersonal relationships. Combining “I+HA]” + “HE] 7] yields the
shortened form “IHef 7]”.
Answer: ZtA+HE{Y|
Input: 24+
Analysis: “7Z+E4} is an abbreviation formed from the initial parts of “732}7]”, “¥-£]7]”, and “%&35}t}”. Since
“#sit” is a predicate, it should be restored to its dictionary form. The three words together reconstruct the original

expression.
Answer: ZUZ}7|+22|7|+MSHCH
Input: %7

Analysis: “7H7” is formed by combining “T, from the verb stem of “T-5}t}”, and “7]”, an abbreviated form of
“Z”. The predicate “5}t}” should be restored to its dictionary form. Therefore, it is analyzed as “&S}c}” +
“71 o‘:]”.

Answer: USHCHA

Input: AH-5E3

Analysis: “A5-%-71” is an abbreviation formed from the first syllables of the four major school record activities:
AL, oS, “BAFEE”, and “Z 2857 Tt consists of four phrase-level components.

Answer: AZ2EES+SO2|ES+SAESUZES

=20 o =20 o
Input: Y3 0]
Analysis: “Yd T -1 is a blend of the Korean word “¥”, meaning one-person or single-person, and the English
word economy, rendered in Korean as “0] 1= 1]”. It refers to the consumer economy of single-person households.
It is analyzed as “¥” + “o] F - u]”,
Answer: ¥+0|Z2 0|
[Final Instruction]
Answer the input by following [Important], [Analysis Guidelines], [Procedure], [Output Format], and [Examples].

Figure 9: Prompt template for Task 2 (Translation version)




=== SYSTEM PROMPT ===
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{options_text}
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oA L.
Translation for Readability
=== SYSTEM PROMPT ===
You are a model that determines the semantic category of Korean neologisms.
The semantic categories used in this task are the following 16 categories:
{category}
Among the five options, four belong to the same semantic category, and only one belongs to a different semantic
category. Judge the actual meaning of each option according to the semantic category system above, and select the one
whose semantic category differs from the other four.
You must output only in JSON format.
Format:
{"answer"”: "A", "reason”: "A brief one-sentence justification”}
Rules:
* answer must be one of A, B, C, D, or E.
* reason must be written in exactly one sentence.
* Do not provide a detailed reasoning process.

* Make your decision based on the semantic category difference, not on the position of the options.
* Do not create arbitrary categories outside the given semantic category list.

=== USER PROMPT ===
Among the following five Korean neologisms, four belong to the same semantic category, and only one belongs to a
different semantic category.

{options_text}

Based on the semantic category list above, select the neologism whose semantic category differs from the other four.
You must answer in JSON format.

1
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o
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Figure 10: Prompt template for Task 3 (Type 1) (semantic categorization)




=== SYSTEM PROMPT ===
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Translation for Readability

=== SYSTEM PROMPT ===

You are a model that determines the specialized domain category of Korean neologisms.
The specialized domain categories used in this task are the following 43 categories:
{category}

Among the five options, four belong to the same specialized domain category, and only one belongs to a different
specialized domain category. Judge the actual meaning of each option according to the specialized domain category
system above, and select the one whose specialized domain category differs from the other four.

You must output only in JSON format.
Format:
{"answer"”: "A", "reason”: "A brief one-sentence justification”}

Rules:
* answer must be one of A, B, C, D, or E.
* reason must be written in exactly one sentence.
* Do not provide a detailed reasoning process.
* Make your decision based on the specialized domain category difference, not on the position of the options.
* Do not create arbitrary categories outside the given specialized domain list.

=== USER PROMPT ===
Among the following five Korean neologisms, four belong to the same specialized domain category, and only one
belongs to a different specialized domain category.

{options_text}

Based on the specialized domain category list above, select the neologism whose specialized domain category differs
from the other four. You must answer in JSON format.

Figure 11: Prompt template for Task 3 (Type 1) (specialized domain categorization)




SYSTEM

gHto] Ao o] ojuH 5 BE5l= MEILZ A,
FolZ Aol & 71 ZHdg Y shu a2 EFsHA L.
USER

(A EA o] {term}

[Ou]HF BF]

A: (1) B: (BABE) C: (2]) D: (TAE)E:
(Z°H F: (B 98 G: (A2 H: (4D Ik
(AAE) 1 (B K: (17D L: (D) M:
(BE - 71N (FA2B7) 0: (F) P: (FAE)
22 94:
- WIEA] AP % Sl shto] Eabu
Zsp 8
- THE e APAeHA uhA .
A4
Translation for Readability
SYSTEM
As an expert in classifying the semantic categories of Korean

neologisms, classify the given neologism into the single most
appropriate category.

USER
[Headword] {term}
[Semantic category list]
A: (Concept) B: (Economic Life) C: (Education) D:
(Animals and Plants ) E: (Culture ) F: {Health - Medicine ) G:
(Social Life) H: (Life) I: (Dietary Life) J: (Clothing Life ) K:
(Human) L: (Nature ) M: (Information - Technology ) N:
(Politics and Administration) O: (Religion) P: (Housing life)
Output format:

¢ Output only one corresponding letter from A to P.

¢ Do not write any explanation.

Answer:

SYSTEM

gh=to] Aloj o] oJu - BFshe AR7I2A,

ZFo 7 Ao & 71 A Ag W shiz B8shA| 2.

USER

[A13EA o] {term}

[ {ex.}

[QHEF 5]

A: (HE) B (BAANE) C: (Z8)D: (BAE)E:

(E3D F: (24 - 95H) G: (AR E) H: (4D T:

(AR T () K: (JAZH) L: (A ) M:

(FE - 7]&)N: (FA|et PA) 0: (F) P: (FAE)

ERC:EE
HIC 2] AP = 3

ECIRER

2 AL 2HdskA] mhA Q.

HHN'

Foh shite] BAfar
-

A

Translation for Readability
SYSTEM
As an expert in classifying the semantic categories of Korean

_g

neologisms, classify the given neologism into the single most
appropriate category.

USER
[Headword] {term}
[Usage] {ex.}
[Semantic category list]
A: (Concept) B: (Economic Life) C: (Education) D:
(Animals and Plants) E: (Culture ) F: (Health - Medicine ) G:
(Social Life) H: (Life) I: (Dietary Life] J: (Clothing Life ) K:
(Human ) L: {Nature) M: (Information - Technology ) N:
(Politics and Administration) O: (Religion) P: (Housing life)
Output format:

* Output only one corresponding letter from A to P.

* Do not write any explanation.

Answer:

Figure 12: Prompt template for Task 3 (Type 2)
semantic-category with the neologism only. Figure 13: Prompt template for Task 3 (Type 2)

semantic-category with the neologism and Usage.



SYSTEM

gHato] Aloj o] WEBOE BRal HEA2A,
ol A1012 71 A AT Hof shf2 ERoAL.
USER

[ A EA o] {term}

[AREF 5E]

1:TAA ;) 2: 143G 3: T A 4: TS, 5: T % 6:
FPEAL T:T71A, 8: 5, 9: T =, 10: F5AE,
11: PoRA]], 12: P52, 13: THE, 14: TR Gyt
15: TE2A], 16: TE2]; 17: T2 ; 18: TALS] LHE
19: 14+ 4wk, 20: FAYT  21: PAHIAY , 22
r4=0], 23: TAlE ) 24: T4, 25: Fofdt, 26: FQlof,
27: T AL, 28: T A5 LRt 29: £-3<F, 30: T ejg},
31: TA2; 32: TA7] ~ AR}, 33: TR~ BAL; 34:
rgx], 35: T LRk, 36: TR, 37: TR, 38:
TR, 39: TS 40: TS, 41: TP, 42: 18}t
43. 13A |

29 94
o RIEA] 550 AAE 3 shugt SHstA 8.
- TFE AL A uhA L.

e

Translation for Readability

SYSTEM

As an expert in classifying the specialized domain of Korean
neologisms, classify the given neologism into the single most
appropriate domain.

USER
[Headword] {term}
[Specialized domain list]
1: [Construction] 2: [Business Management] 3: [Economics] 4:
[Education] 5: [Transportation] 6: [Military] 7: [Mechanical
Engineering] 8: [Agriculture] 9: [Animals] 10: [Animals and
Plants] 11: [Media] 12: [Physics] 13: [Law] 14: [General
Health] 15: [Clothing and Textiles] 16: [Welfare] 17:
[Buddhism] 18: [General Society] 19: [General Industry] 20:
[Life Science] 21: [Service Industry] 22: [Veterinary Medicine]
23: [Plants] 24: [Psychology] 25: [Pharmacy] 26: [Language]
27: [History] 28: [General Arts and Sports] 29: [Music] 30:
[Medicine] 31: [Materials] 32: [Electrical and Electronic
Engineering] 33: [Information and Communication] 34:
[Politics] 35: [General Religion] 36: [Earth Science] 37: [Place
Names] 38: [Astronomy] 39: [Philosophy] 40: [Physical
Education] 41: [Public Administration] 42: [Chemistry] 43:
[Environment]
Output format:

¢ Please make sure to print only one of the 'numbers’

presented in the list.
¢ Do not write any explanation.

Answer:

SYSTEM

3ol Alojo] BEROFE Beats BRIRA,
Zo|71 Alolg 714 AT o hitz BRoHA 0.
USER

(A EA o1] {term}

81 {ex.}

[HERoFBE]

LrAd; 2.3, 3: TAA,4:TWS;5:TWE 6:
PAL T F71A); 8: T Efd, 9: TEE, 10: TEAE,
11: oA, 12: 5], 13: PHE ;) 14: TR Ayt
15: C 24 16: 152, 17: 21, 18: TALS] it
19: TAF] Auh; 20: TAHT ; 21: P AH[ A 22:
r9], 23: TAIE ) 24: TR, 25: FeFdt, 26: Flof,
27: T A}, 28: TAIAG ARt 29: T3oF, 30: T oS,
31: Tz, 32: TA7] ~ ARF, 33: TR ~ AL 34:
T3], 35: T LR, 36: TR, 37: T 38:
P2y 39: TS, 40: TA|S 41: TR 42: TS
43. 73+

A BE0] AAE 5 s 2es A,
e 257 nHA .

Translation for Readability
SYSTEM
As an expert in classifying the specialized domain of Korean
neologisms, classify the given neologism into the single most
appropriate domain.
USER
[Headword] {term}
[Usage] {ex.}
[Specialized domain list]
1: [Construction] 2: [Business Management] 3: [Economics] 4:
[Education] 5: [Transportation] 6: [Military] 7: [Mechanical
Engineering] 8: [Agriculture] 9: [Animals] 10: [Animals and
Plants] 11: [Media] 12: [Physics] 13: [Law] 14: [General
Health] 15: [Clothing and Textiles] 16: [Welfare] 17:
[Buddhism] 18: [General Society] 19: [General Industry] 20:
[Life Science] 21: [Service Industry] 22: [Veterinary Medicine]
23: [Plants] 24: [Psychology] 25: [Pharmacy] 26: [Language]
27: [History] 28: [General Arts and Sports] 29: [Music] 30:
[Medicine] 31: [Materials] 32: [Electrical and Electronic
Engineering] 33: [Information and Communication] 34:
[Politics] 35: [General Religion] 36: [Earth Science] 37: [Place
Names] 38: [Astronomy] 39: [Philosophy] 40: [Physical
Education] 41: [Public Administration] 42: [Chemistry] 43:
[Environment]
Output format:

 Please make sure to print only one of the ‘numbers’

presented in the list.
* Do not write any explanation.

Answer:

Figure 14: Prompt template for Task 3 (Type 2) special-

ized domain with the neologism only. Figure 15: Prompt template for Task 3 (Type 2) special-

ized domain with the neologism and example.



[Role]
AL Gato] Alof ALA B2k AEIFIL k.

qlel o 2 Zolxl EA o] (Alo], §3§ol, H]A A HR)e| ojn|S Thotste] AAAl HolS AAFAA L.
[Task]

HA o7 ol U .

HEAolo] e, Aur=el §4, de] Feix ou|S viro 2 A1 ehe Fols AL L.
[Definition Guldellnes]

A o) WIEA] ghRo] B B0 2 A4
RO WEA AP 2R 2 AT a.

- EA 019 ofulE 1“@1101_’ ‘4 ﬁﬂi K }H 74 AR ArdE do2 HEolA] vt 2

:husw*—‘

9}

: ‘ﬂ*ﬂﬂo}ﬂl %0}741 ’*11 oy, A4 4 a7k 29 0}711 EH‘%E% AsH 25t Al L.

6. 34, 574, B, vla} 5o ¥eh 27} ela)o] sioln Hejo] wrshil .

7. 2] loBw, EA Ao 2 AR A Fo|A i HHA o2 FEH = ou|E FH o= HOSHA L.
[Few-shot Examples]

[Input]

{"term": "Z+A§"}

[Output]

{"term": "Ztg", "definition": "/ Hstal A O = 27| P E 5t Hotrh= Aoy ")
[Output Rules]

—HFE A] JSON 14| shutat 2 sHd A 2.

- &8 2|2 utE A T2 3} Zotok gk

{"term": "...", "definition": "..."}

-~ torm* 2 A0 2 F017 Ao} E 57 glo] TR AHESIA L.

~ “definition* Z-2 Tto] & BT LA &

- ohe 715 F71eA uhAlL L.

A9, 34, 54, nfa ke AEEE-S Al £sHA] upAA L.

[Final Instruction]

ZF5E FoI2= Aol disl, 9] 7F2& whE @ ISON AT Z25H A 2.

Translation for Readability

[Role]

You are an expert lexicographer of Korean neologisms.

Identify the meaning of the given headword (neologism, buzzword, or informal expression) and write a dictionary-style definition.
[Task]

Only the headword is provided.

Based on the form of the headword, its general usage, and its widely known meaning, write the most appropriate definition.
[Definition Guidelines]

1. The definition must be written as a single Korean sentence.

2. The definition must follow a dictionary-style tone.

3. Explain the meaning of the headword directly and assertively, but do not add unsupported details arbitrarily.

4. Avoid circular definitions that simply repeat the headword itself.

5. Do not write unnecessarily lengthy definitions; keep the definition concise while clearly conveying the core meaning.

6. If nuances such as positivity, negativity, satire, or derogation are central to the meaning, reflect them in the definition.

7. Since no example sentence is provided, do not narrow the meaning to a specific situation; instead, focus on the meaning that is
generally used.

[Few-shot Examples]

[Input]

{"term": "ZHA8"}

[Output]

{"term": "ZHAY", "definition": "/ St1L M A © & 7] I & ofH Aotz Aol BlE")
[Output Rules]

— Output exactly one JSON object.

— The output format must be exactly as follows:

{"term": "...", "definition": "..."}

— The value of term‘ must be identical to the input headword without any modification.

— The value of ‘definition‘ must contain only one Korean sentence.

— Do not add any other keys.

— Never output explanations, comments, annotations, or Markdown code blocks.

[Final Instruction]

From now on, for each given input, output only a single JSON object that follows the rules above.

Figure 16: Prompt template for Task 4 with the neologism only.




[Role]

FALE GHo] Alo] AL B AR 402 Foj EAlojoh RS HPFO R, B Alo] 9] ojn|E A o2
5] HolotAlA 2.

[Task]

940 thgo] FolF Yt

- BA o] (term): F=to] Alo] T H[ A B
- | E(example): 3] TA o] 7} AA| AH-H
AR A Sl ElE §1-2 vieto 2 FAo]
[Definition Guidelines]

rm

1. A= WEA] gh=o] gF 270 2 2yt

2. B o= HIEA AP A ZAE 2 AL

3. o 2ol vheld o] E F4 5] 9t otE, 22| 57 Alolut ARt Folz] T B A oJu| 2 2] AL.
4. thgt of| 2 shubgho 2 SRQIE] ] of= Al oJu|7tA] Q1o 2 2olR] i A Q.

5.o129] 498 B, 9, B4, vl Dej2 W] W, 1 gkl s ojulE A 0 2 HelshiAl L.
6. Aol AL T2 BEoLE g oL HeAIA o

7. oA} % 8.8 WA, 2, B AL 5 WA u) Fojo] wshil AL

8. Aol ARSI gl A4l ol 7 Bes] ELES s A4S,

[Few-shot Examples]

[Input]

{"term": "ZtAY", "example": "} @ 55 ZHA 4 7t}

[Output]

{"term": "ZtAY", "definition": " A5t RH A 0 2 2}7] TE|E 5P Aroprb= Aol HE "}

[Output Rules]

— WFEA] ISON 747 sttt 22 5H41A] 2.
- % P42 WEA tha 3t Zojok gk

{"term": "... ", "definition": "..."}

~ ‘term* gEe 0.2 Foj7] HAo1E 57 glo] IThR ALEFAIA L.
~ “definition gH-e g0} gt BAHTl metohA Al L.

-HE 718 F751A| mpd A L.

-AY, 34, 4, nf 3t ZEEES A
[Final Instruction]

A5 Fol Ak ol tha, 9 722 ub2 ehel ISON AT Z25HIA 2.

M
1

817 BH Al 2.

Translation for Readability

[Role]

You are an expert lexicographer of Korean neologisms. Based on the given headword and example sentence, accurately define the
meaning of the neologism in a dictionary-style format.

[Task]

The following inputs are provided.

- Headword (term): a Korean neologism or informal expression

- Example sentence (example): one sentence in which the headword is actually used

Based on the usage observed in the example sentence, identify the core meaning of the headword and write a one-sentence definition
in a dictionary-style tone.

[Definition Guidelines]

1. The definition must be written as a single Korean sentence.

2. The definition must follow a dictionary-style tone.

3. Faithfully reflect the meaning shown in the example sentence, but generalize it rather than restricting it to the specific scene or
event in the example.

4. However, do not arbitrarily expand the definition to include detailed meanings that cannot be confirmed from the single example
sentence.

5. Do not copy emotional expressions, exaggeration, satire, or figurative wording from the example sentence as they are; instead,
objectively summarize the core meaning contained in them.

6. Avoid circular definitions that simply repeat the headword itself.

7. If semantically important nuances such as derogation, mockery, praise, or self-deprecation are relevant, reflect them in the
definition when necessary.

8. Do not make the definition verbose; keep it concise while clearly conveying the core meaning.

[Few-shot Examples]

[Input]

["term" "Z14", "example”: "L} Q55 €| 24 4 7T})

[Output]

{"term”: "ZHAY", "definition’: "4 A8} R 0 2 2}7] Pel B ahe] Alolrbe solt B
[Output Rules]

— Output exactly one JSON object.

— The output format must be exactly as follows:

{"term": "...", "definition": "..."}

—The value of ‘term‘ must be identical to the input headword without any modification.

— The value of ‘definition‘ must contain only one Korean sentence.

— Do not add any other keys.

— Never output explanations, comments, annotations, or Markdown code blocks.

[Final Instruction]

From now on, for each given input, output only a single JSON object that follows the rules above.

Figure 17: Prompt template for Task 4 with the neologism and example.




B.3 Evaluation Criteria for Task 2

Since the order of source words is important in
Task 2, evaluation is based on source words se-
quences. Coverage is defined as the proportion
of gold source words that are correctly recovered
by the model at the correct positions. Precision
is defined as the proportion of generated source
words that are correctly recovered at the correct
positions. Scoring examples are summarized in
Table 7. Each example compares a gold source
words sequence with a predicted sequence and illus-
trates how scores are computed based on correctly
aligned source words. These examples show how
partially correct predictions, order mismatches, and
predictions containing unnecessary constituents are
evaluated in Task 2. Table 8 further presents a range
of example calculations for coverage, precision,
and F1 used in evaluating Task 2.

B.4 Evaluation Criteria for Task 4

For Task 4, definitions are scored by Gemini in an
LLM-as-a-judge setup. Table 9 presents the scoring
criteria defined by lexicography experts. The crite-
ria evaluate three dimensions: semantic adequacy,
fluency, and factual reliability.

Semantic adequacy includes three subcriteria.
Semantic equivalence checks whether the gener-
ated definition preserves the core meaning of the
gold definition, even with different wording. Cov-
erage measures whether the key content words of
the gold definition are included, capturing possible
omissions of essential meaning components. Prag-
matic equivalence evaluates whether pragmatic
meanings such as evaluative stance, emotion, at-
titude, disparagement, or mockery are properly re-
flected when needed.

Fluency includes conciseness, which evaluates
whether the definition is brief and free of unnec-
essary repetition; non-circularity, which checks
whether the headword or its synonyms are avoided;
and lexicographic convention, which evaluates
whether the definition follows dictionary-style met-
alanguage or a genus—differentia structure.

Factual reliability assesses whether the generated
definition contains hallucinated content, unsup-
ported details, or excessive generalization. The fi-
nal score is the sum of the subcriterion scores, with
a maximum of 10 points. Gemini is instructed to
output only the individual subcriterion scores, not
subtotals or the final total. The evaluation prompt
is shown in Figure 19, the output schema in Fig-
ure 18, and an English translation of the prompt in
Figure 20.

Expected JSON Output Schema for Gemini-based Evaluation

semantic_equivalence
coverage
gold_content_words

0 to 2 (Integer).

0 to 2 (Integer).

A list of three objects, each containing
word and in_pred

Boolean value indicating whether the
gold definition contains pragmatic
meaning.

Boolean value indicating whether the
predicted definition contains pragmatic
meaning.

Boolean value indicating whether the
pragmatic polarity matches.

Either O or 2 (Integer).

Either O or 1 (Integer).

Either O or 1 (Integer).

Either O or 1 (Integer).

Either O or 1 (Integer).

A list of error type strings.

A brief natural-language comment.
Numeric confidence score from 0 to 1.

gold_has_pragmatic

pred_has_pragmatic

polarity_match

pragmatic_equivalence
conciseness
non_circularity
lexicographic_convention
factuality

error_types

comment

confidence

Figure 18: Expected JSON output schema for Gemini-
based evaluation of Task 4 definition generation.



Case Gold sequence Prediction Aligned Coverage Precision
Correct S+ eup7hA| 2 + ent7hA| 2, Qnt7HA| 20f2=1.00 20f2=1.00
Partial 5 4+ QnirtA 5 5 10f2=0.50 1of1=1.00
Over-generation & + QU}7}A| T+ QuFhA| + M E 2, Qul7hA 20f2=1.00 20f3=0.67
Wrong T+ QupFAl Eujo]7] 4+ vAHE + 7HA| - 00f2=0.00 0of3=0.00
Wrong order S + enp7hA| QulFtA + & - 00f2=0.00 00f2=0.00
Table 7: Scoring cases for source word identification (Task 2) of ‘En}7}1A|’
Case Gold sequence Prediction Aligned Coverage Precision F1
gt E o
g thH(Sweet) Zh(Sweet) Zh(Sweet),
(Danmato; = 20f2=1.00 20f2=100 1.0
Sweet-Tomato) + EftE(Tomato)  + EN}E(Tomato) EUHE(Tomato)
) A~} 3 (Hell) 3 ~(Health) ~ ~
(Hell-sdaq) + F A HH(Kosdaq) + =+E|(Doctor) 00f2=000 00f2=000 0
235 25(Today) 25(Today) L5 (Today),
(Ohaun; + S} (Day) + SFA4|(Lower body) -25(Exercise) 20f3=0.67 20f3=0.67 0.67
Today’s exercise)  + <5(Exercise) + &= (Exercise)
e iEﬂ I (Thread) QTE <12 (Spoiler) e
+ Z=n + Z=n] 10f2=050 10f2=050 0.5

(Th-fallome)

(Follow-Me)

(Follow-Me)

(Follow-Me)

Table 8: Examples of GPT-5.4 predictions and scores for Task 2

C Analysis on Evaluation Results

C.1 Semantic Categorization: General vs.
Neologism

This section describes how the general-word results
in Figure 1 were obtained. Since the performance
for neologism is reported using Task 3 (Type 1), we
evaluated the performance for general words un-
der the same setup. We first selected 16,738 nouns
from the headword list of the Basic Korean Dictio-
nary that satisfied predefined conditions. From this
set, we randomly sampled 1,785 items (the same
number as the neologisms) and constructed test sets
following the same procedure as Task 3 (Type 1).
This experiment was repeated 10 times to obtain
the average semantic categorization performance
on general words. Results for three representative
LLMs are shown in Figure 1, while Figure 21 re-
ports all nine models. One caveat is that the se-
mantic categories represented in the general-word
and neologism sets may vary depending on random
sampling. To account for this variation, Figure 21
also reports standard deviations.

C.2 Overall Performances across Tasks

We further examine whether the sub-tasks in
KoNeoBench show common performance trends

across models and what task-specific difficulties
they reveal. For this analysis, we select one rep-
resentative setting from each task group: Task 1
(Type 1) for contextual identification, Task 2 (F1)
for source word identification, Task 3 (Semantic,
Type 1) and Task 3 (Specialized Domain, Type
1) for category-based discrimination, and Task 4
with usage examples for definition generation. Fig-
ure 22 and 6(a) shows performance distributions by
model release date and scale. Overall, more recent
and larger models tend to perform better across
tasks. The GPT series is consistently among the
strongest, especially in Task 1, Task 3, and Task
4, suggesting relatively strong ability in contextual
identification, categorical classification, and defini-
tion generation for Korean neologisms.

The most notable difference in difficulty appears
in Task 2. Its F1 scores are generally lower than
those of the multiple-choice and classification tasks,
and model gaps are also larger. This suggests that
roughly understanding a neologism and identifying
its source words are different challenges. While
Task 1 and Task 3 allow models to rely on con-
textual or categorical cues, Task 2 requires direct
identification of source words that are not explicitly
present in the surface form.



In addition, year-wise performance distributions
for Tasks 1 and 2, Task 3 Type 1, and Task 3 Type 2
are provided in Figures 23, 24, and 25, respectively.
Tasks 1 and 2 show an overall decline in perfor-
mance for more recent neologisms, similar to Task
4. In contrast, Task 3 exhibits relatively little year-
to-year variation in both the general-language and
specialized-domain settings

Figure 26 shows the Pearson and Spearman cor-
relations of model performance across representa-
tive tasks. Most task pairs are positively correlated,
and many exceed 0.7. However, the correlations
are not uniformly high. In particular, Task 4 shows
weaker correlations with some categorization tasks,
suggesting that definition generation requires addi-
tional abilities (reconstructing the core meaning of
a neologism and expressing it in dictionary style)
that are not fully captured by multiple-choice or
classification tasks.

These results support the multi-task design of
KoNeoBench. High inter-task correlations indicate
that the tasks measure a shared ability, namely Ko-
rean neologism understanding, while lower corre-
lations and task-specific differences show that each
task captures distinct linguistic abilities and error
patterns. Rather than reducing neologism under-
standing to a single score, KoNeoBench evaluates
it from complementary perspectives: contextual
identification, source word identification, catego-
rization, and definition generation.

C.3 Performance Analysis on Task 4

C.3.1 Gemini Scores vs. Human Scores

To assess the reliability of Gemini-based evalua-
tion, we also conducted human validation with a
lexicography expert. The validation set consisted of
definitions generated by GPT-5.4 in the setting with
both the neologism and its usage example. We first
sampled 45 items, selecting five from each Gem-
ini total-score level from 2 to 10, and then added
205 more in proportion to the overall score distri-
bution, for a total of 250 definitions. The expert
evaluated them using the same rubric as in Table
9, and we compared the resulting scores with the
Gemini scores at both the total-score and subcrite-
rion levels.

Figure 27 summarizes the comparison. Fig-
ure 27(a) shows a bubble plot of the total-score
distributions, where each point represents a hu-
man—Gemini score pair and bubble size indicates
the number of items. The two evaluations are posi-

tively correlated (r = 0.708), with linear regression
results of R? = 0.50,p < 10738, This indicates
that definitions scored highly by Gemini also tend
to be scored highly by the expert. As shown in Fig-
ure 27(b), the discrepancy is relatively small for
criteria related to semantic adequacy, suggesting
that Gemini-based evaluation is reasonably con-
sistent in assessing semantic quality. Gemini can
therefore be used as a useful auxiliary measure of
overall definition quality.

However, Gemini tends to assign slightly higher
scores than the expert, as seen in the average sub-
criterion scores in Figure 27(b)-(e). This tendency
is especially clear for conciseness, lexicographic
convention, and factuality, where Gemini appears
more lenient. This suggests that Gemini may judge
formal quality, dictionary style, and factual errors
more permissively than a human expert.

These results suggest that LLM-based evaluation
is useful for comparing relative model differences
in Task 4, but limited as an absolute measure of lex-
icographic quality. The Task 4 scores in the main
text should therefore be interpreted as automatic
scores for comparing models under the same con-
ditions, rather than as absolute quality judgments.
We also note that the human validation covers only
250 definitions generated by GPT-5.4, not all mod-
els or outputs. Even so, the analysis suggests that
Gemini-based evaluation is reasonably consistent
with expert judgment and can serve as a scalable
approximate method for comparing large sets of
generated definitions.

C.3.2 Distribution of Scores by Subcriterion
for Task 4

Figure 28 shows the average subcriterion scores of
each model on Task 4. We analyze definition gener-
ation from three perspectives: semantic adequacy,
lexicographic fluency, and factuality. Figure 28(a)
shows the results when only the neologism is given,
and Figure 28(b) shows the results when a usage
example is also provided.

Overall, most models improve on all three di-
mensions when usage examples are provided. The
largest gain appears in semantic adequacy, suggest-
ing that usage examples are crucial for inferring the
actual meaning and context of Korean neologisms.
Since many neologisms cannot be interpreted reli-
ably from form alone, usage context helps models
construct their core meaning more accurately. By
contrast, differences in lexicographic fluency are
relatively small, suggesting that LLMs can generate



superficially dictionary-like definitions even with-
out fully understanding the target meaning. This
indicates that the main difficulty of Task 4 lies
less in definitional form than in semantic accuracy.
Scores on factuality also improve across all mod-
els, suggesting that usage examples help reduce
hallucinated or unsupported content.

The subcriterion-level analysis of Task 4 clearly
shows the importance of contextual information
in Korean neologism definition generation. Even
without usage examples, some models can produce
relatively natural definitions, but performance is
more stable with examples, especially in terms of
semantic adequacy and factuality. In addition, the
subcriterion-level analysis reveals differences that
are not visible when definition generation is eval-
uated only by a single total score. These results
suggest that Task 4 evaluates not just generation
ability, but also neologism interpretation, context-
based reasoning, and lexicographic description.

D Human Performance Evaluation

We conducted a human evaluation on four settings:
Task 1 with particle-attached forms, Task 2, and
the semantic and specialized-domain categories of
Task 3 (Type 1). For each setting, 50 neologisms
were sampled with consideration of their frequency
distribution. Twenty native Korean speakers par-
ticipated, including 10 linguistics majors and 10
non-majors. The LLMs were evaluated on the same
subsets. The results are reported in Table 10.

The comparison shows different patterns across
tasks. On Tasks 1 and 2, linguistics majors per-
formed better than both GPT-5.4 and non-majors.
This may reflect the greater role of Korean morpho-
logical and word-formation knowledge in these
tasks. The pattern was less consistent for Task
3. Linguistics majors performed better than non-
majors on the semantic category setting, while GPT-
5.4 performed better than both non-majors and the
overall human group on the specialized-domain set-
ting. Thus, the relative difficulty for humans and
models differs depending on the type of knowledge
tested.

We used paired Wilcoxon signed-rank tests over
the 50 items to examine these differences. On Task
1, linguistics majors significantly outperformed
GPT-5.4 (W = 175.0, p = .0217) and non-majors
(W = 82.5, p < .001). The same pattern was
observed on Task 2, where linguistics majors out-
performed GPT-5.4 (W = 311.0, p = .0318) and

non-majors (W = 38.5, p < .001). On the seman-
tic category setting of Task 3, linguistics majors per-
formed significantly better than non-majors (W =
132.5, p < .001). On the specialized-domain set-
ting, GPT-5.4 performed significantly better than
non-majors (W = 270.5, p = .0374) and the over-
all human group (W = 285.0, p = .0370). No
other comparisons were significant. Because the
evaluation was conducted on a relatively small sub-
set, a larger human evaluation remains for future
work.



Dimension Subcriterion

Score

Description

Semantic Semantic
adequacy equivalence
(0-6)

Coverage

Pragmatic
equivalence

0-2

0-2

Oor2

Evaluates the semantic equivalence between the gold definition and
the predicted definition.

(gold definition} pred definition®] 2Jn| & 5714 H7}

2 points: core meaning matches

1 point: core meaning is similar but some details differ

0 points: core meaning does not match

Extracts three key content words from the gold definition and evalu-
ates how many of them are covered by the predicted definition.
(gold definitiono]| A SHA] j-8-o] 375 FE5}1, pred definition
ol o} Fuh} Eatal=] B7h

2 points: all three are covered

1 point: one or two are covered

0 points: none are covered

Evaluates whether the pragmatic meaning” of the gold definition
and the predicted definition is equivalent.

(goldS} pred©] 5184 o]n]7} 2| 5H=7] H7h

2 points: both the gold and predicted definitions contain pragmatic
meaning with consistent polarity, or neither definition contains prag-
matic meaning

0 points: the presence or polarity of pragmatic meaning is inconsis-
tent

Fluency Conciseness
(0-3)

Non-circularity

Lexicographic
convention

0-1

Evaluates whether the predicted definition avoids unnecessary mod-
ifiers or repetitive expressions.

(pred definitiono]] 3 @3t Aot ¥HE A o] gli=2] H7})

1 point: concise

0 points: contains unnecessary modifiers or repetition

Evaluates whether the predicted definition avoids circularly defining
the target word using the target word itself or its close synonyms
(pred definitiono] ZA| oL} FA| 0] o] {-9]o] & AFGSIo] -84
o2 AHoletA] =2 F7h

1 point: non-circular definition

0 points: circular definition

Evaluates whether the predicted definition appropriately follows lex-
icographic conventions, such as the use of definitional metalanguage
or a genus—differentia structure.

(pred definitiono] A A o2 A9 mefdlo] = FAHE-F
2 x5 Ads) =2+=2] 37h

1 point: follows lexicographic conventions

0 points: does not follow lexicographic conventions.

Factuality Factuality
(0-1)

0-1

Evaluates whether the predicted definition contains hallucinations,
unsupported specific claims, or overgeneralizations.

(pred definition®]] hallucination, =7 &= FA|& A&, FEgt
etk g4 B7h

1 point: no major issue

0 points: at least one clear and significant issue is present

Note. " Pragmatic meaning refers to evaluative or affective meanings associated with the defined term, including attitudes such as
support, encouragement, derogation, hatred, or mockery. The total score is 10 points and is computed post hoc as the sum of the

subcriterion scores.

Table 9: Gemini-based evaluation rubric for Task 4 definition generation.



Prompt for Task 4 Definition Judgement

lﬂ—/l] O 6]-—_,__[1—01 /K]Cﬂ 7\4_4 /\H/H 7:]_,4_2 0-17—‘]5]-7-" ;'(HX~] 5‘|.L— hs] 7]—1]—]:]-
—|~01 11 gold deﬁmtlon(ﬁ%" 7‘4_4)9]- pred definition( =2 2 *J,**é oS v 3}01 example(£2)S ZW AH 2
arsf] A stet. HEEA] ofg) A-CO| 37] 7]& 7 ARE-SHAL, RE Ha= BAIE H 9] W2 A< (integer)of of g
=5 B7h
A) Semantic Adequacy
A-1) semantic_equivalence: 0-2 points
— gold definition} predicted definition] ojn| % 5714 17}
- o] ek olnly} AAghE e Al ol (o) 58
-2 94 ) A | 1 : 4] ofuls AR ent, AR ALg B |0 2
A-2) coverage: 0-2 points
— gold definitionof| 4] 3412 Uj-&¢](content word) 37]] 3= &, pred definition®] ©]S dujr} L FHsH=2] H7}
_go] BT, B840 BERL FAT 8ol
— 7]%5-9](Function word)} &-8¢](Stopwords) A ﬂ
— gold definitionof| A &3 U-80] ¢} ZF Wf-8-017} predo]] Z§HE=%] 6] E-E gold_content_words =] &3
e 2A: 3| % io1-| 13:127) ;1,L_01-|014 D]io]-
—F7} €% "E. gold_content_words: [{“word”: “...”, “in_pred”: true/false}, .
A-3) pragmatic_equivalence: 03 £+ 273
" gold®] 3-8 OJm 9} prede] 3484 o|u]7} AX|sh=x] 7}
x 3184 Q”]t Ao 7] tidel tigh B7HE o m|(FA/A )Y hAFe] A 52 B = (R A8, &2, Hls)
£33 5 284 ourt dAett= A2 gold@r pred 2] =] (polarity)©] e X] SH=2]E ofn|jitt. &, gold7}
5 7go|H pred= 37, g01d7} H7 o] pred= F-A]o]ofof OH’% gold®} pred @] =g o] ¥ref(of|: 374 « £4)
2t EUX 2 A
oh& ohAl 714 73—?—3 BT A o= o

1) goldof| 5}-8-2] oJu] Lt + predo] 81-§-2] oJw] L + =74 U2 =274
2) goldof o+-8-2] ofu] Eo} + predof] 8}-8-2 oJn] Zot + 4 =AU =04
3) golde] 21-84 oJu] L3} + predo] 284 oJu] v L3t = 07

4) goldo] 2184 ofu] "] L} + predo] -84} o] Egt =07

5) golde] 3-82 oJu] v L3} + predof 3182 ofn] m] L3} =23

— F7} &9 = (true/false): gold_has_pragmatic, pred_has_pragmatic, polarity_match
B) fluency : 0—37,‘3‘
~ o120 GAH AP B}
—otefl 371 519 7|52 242 0 T 1 o2 A
B-1) conciseness (7F44): 0 E=1F

(e}

— gold definition¥} H] W 5} ¢, pred definitiono]] &2 Q 3t s=A10| L HEE B & o] gle=x] Hr7t
o 13: B Q% Aol HhE B4 glo] 7HA% | 03 EZ Qs fAlolu WHE H & o] 23

B-2) non-circularity(H]<=8H4): 03 == 13
~ pred defnitionol) 35 T Ao, A SA0I) frolo] 58 AR B4 Bk A B
o 17]: H|LSHA Aol B | 04: £&3H8 Aol
B-3) lexicographic convention (A}AS7 #&5 F40): 07,‘;] =13
— pred definitionof] AP A o] & 4] 2] wefAof(of: —F o2 =T
ben AR SATERD + [B2IGAE)E 4250 LS
© 1R APISEA B 24 | 0F: AHASHA B s
C) factuality: 07 PF_—‘E 13
— hallucination, 7 ¢l= A4 A<, B3 Quts} of B 7}
¢ 17: Z o2t hallucination/T-A $l= FA /A= AHte} $la
« 0%0: § BA) % opJets 23 BeelA A%
2 3
) 2= 4
2) 8.8 7+ 519 = AH4Ht E@.’ﬁ}‘:ﬂ, J_ﬁ](semantlc_adequacy, fluency)?} &7 (total)-2 =2]5}2] w2t
SHAFS A}S 2] 2] stch

3) semantlc_equlvalence7]- oW Fdo| Tt 7517 vtk
4) example® o1 S| Aol 2810 2UF AFE512). goldS WOl A ML ofulE Z7hehe 2R
Apso} 7] ot

5) pred7} U5 Aot 4] on| & T om H4E & 4= 9t}

6) pred7} F&sie e 27 G ]-80] Sol7HA fa ctuality S 7H4d5}a}.
7) &3 HJEA] JSON 78] sttt Bhslstat.

8) markdown, I EEE, A glo] otefj o] A7]nt=E JSONYE & 2fstet.

Figure 19: Prompt template for Task 4 definition generation.




Prompt for Task 4 Definition Judgement(For readability)

You are a strict evaluator of Korean neologism definition generation.
Compare the given gold definition and predicted definition, using the example only as contextual information. Use only the following
three criteria A—C, and all scores must be integers within the specified ranges. Negative scores are not allowed.
A) Semantic Adequacy
A-1) semantic_equivalence: 0-2 points
— Evaluate the semantic equivalence between the gold definition and the predicted definition.
— Assign a high score when the meanings match, even if the wording differs. Paraphrases are allowed.
¢ 2 points: core meaning matches | 1 point: core meaning matches partially but some details differ | O points: core meaning does
not match
A-2) coverage: 0-2 points
— Extract three key content words from the gold definition and evaluate how many of them are covered by the predicted definition.
— Inflected forms of Korean verbs and adjectives should be treated as the same content word.
— Function words and stopwords should be excluded.
— Output the content words extracted from the gold definition and whether each word is included in the predicted definition in the
gold_content_words field.
¢ 2 points: all three words are included | 1 point: one or two words are included | O points: none are included
— Additional output field: gold_content_words: [{"word": "...", "in_pred”: true/false}, ...]
A-3) pragmatic_equivalence: 0 or 2 points
— Evaluate whether the pragmatic meaning of the gold definition and the predicted definition is equivalent.
Pragmatic meaning refers to evaluative meaning toward the defined term, such as positive or negative evaluation, or the speaker’s
emotion or attitude, including support, encouragement, hatred, derogation, or mockery. Pragmatic equivalence means that the polarity
of the gold and predicted definitions is consistent. That is, if the gold definition is positive, the predicted definition should also be
positive; if the gold definition is negative, the predicted definition should also be negative. If the polarity is opposite, such as positive
versus negative, it should be considered inconsistent.
Score all of the following five cases:
1) Gold contains pragmatic meaning + prediction contains pragmatic meaning + polarity matches = 2 points
2) Gold contains pragmatic meaning + prediction contains pragmatic meaning + polarity does not match = 0 points
3) Gold contains pragmatic meaning + prediction does not contain pragmatic meaning = 0 points
4) Gold does not contain pragmatic meaning + prediction contains pragmatic meaning = 0 points
5) Gold does not contain pragmatic meaning + prediction does not contain pragmatic meaning = 2 points
— Additional output fields true/false: gold_has_pragmatic, pred_has_pragmatic, polarity_match
B) Fluency: 0-3 points
— Evaluate the formal appropriateness of the definition.
— Score each of the following three subcriteria as either O or 1 point.
B-1) conciseness: 0 or 1 point
— Evaluate whether the predicted definition avoids unnecessary modifiers or repetitive expressions, compared with the gold definition.
* 1 point: concise without unnecessary modifiers or repetition | O points: contains unnecessary modifiers or repetitive expressions
B-2) non-circularity: 0 or 1 point
— Evaluate whether the predicted definition avoids circularly defining the target word using the target word itself or its synonyms.
* 1 point: non-circular definition | O points: circular definition
B-3) lexicographic convention: 0 or 1 point
— Evaluate whether the predicted definition appropriately follows lexicographic conventions, such as using definitional metalanguage
or a genus—differentia structure. For example, in “small but certain happiness,” “small but certain” functions as the differentia and
“happiness” as the genus.
* 1 point: follows lexicographic conventions | O points: does not follow lexicographic conventions
C) Factuality: 0 or 1 point
— Evaluate whether the predicted definition contains hallucinations, unsupported specific claims, or overgeneralizations.
* 1 point: no major hallucination, unsupported specificity, or overgeneralization
* 0 points: at least one clear and significant issue of the above types is present
Important rules:
1) All scores must be integers within the specified ranges. Negative scores are not allowed.
2) The output should include only the subcriterion scores. Do not output subtotal scores such as semantic_adequacy or fluency,
or the final total score. These scores will be computed post hoc.
3) If semantic_equivalence is satisfied, do not penalize differences in wording.
4) Use the example only as contextual information for interpreting the meaning. Do not use it as evidence to add new meanings
beyond the gold definition.
5) Even if the predicted definition is very short, it may receive credit if it captures the core meaning.
6) Even if the predicted definition is verbose, penalize factuality if it contains unsupported content.
7) The output must be exactly one JSON object.
8) Return only JSON following the schema below, without markdown, code blocks, or explanatory text.

Figure 20: Prompt template for Task 4 definition generation (Eng).
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Figure 22: Task-wise performances by model release dates and scales



11 (@) Task1 Typet (b) Task1 Type2 1 (0) Task2
@ EXAONE-35 @GPT-54 @Quwen35 @ EXAONE-35 @GPT-54 @Qwen35
® EXAONE-40 © LLaMA-3.1 @ Solar Pro3 ® EXAONE-40 @ LLaMA-3.1 @ Solar Pro3
@ GPT-4.1 @®Qwen25 @ Solar-10.7B ®GPT-41 ®Qwen25 @ Solar-10.78
oy -
£ ]
g s
< 0.5 ‘5 057
[ [
) 2
< <
0~ . - . . . . . . . 0
Q N g2 %) ™ Q N\ v %) ™
v v % % % v 32 % % 3%
R S L S G S S S S

Figure 23: Year-wise performance distributions for Task 1 and Task 2
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Figure 26: Correlation heatmap of task-wise model performance vectors
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Figure 27: Task4. Comparison of human and gemini judge score

Model / Group Task 1 Task 2 Task 3 (Semantic)  Task 3 (Special)
GPT-4.1 46.00%  47.05% 68.00% 72.00%
GPT-5.4 60.00% 51.01% 70.00% 82.00%
Solar Pro3-12B 32.00%  35.90% 44.00% 48.00%
Solar-10.7B 28.00% 6.80% 36.00% 46.00%
EXAONE-3.5-7.8B 48.00%  33.72% 38.00% 40.00%
EXAONE 4.0-32B 48.00%  24.27% 50.00% 50.00%
Qwen2.5-7B 34.00%  15.20% 30.00% 44.00%
Qwen3.5-9B 46.00%  19.84% 44.00% 58.00%
LLaMA 3.1-8B 30.00%  13.98% 32.00% 44.00%
Human average (n = 20) 68.80%  56.80% 64.70% 75.40%
Linguistics majors (n = 10)  75.00%  63.40% 68.40% 76.20%
Non-majors (n = 10) 62.60%  50.19% 61.00% 74.60%

Table 10: Human and model performance on matched 50-item subsets.
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Figure 28: Average scores of generated definition.
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