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Abstract

Although negation is known to challenge large
language models (LLMs), benchmarks for eval-
uating negation understanding—especially in
Korean—are scarce. We conduct a corpus-
based analysis of Korean negation and show
that LLM performance degrades under nega-
tion. We then introduce Thunder-KoNUBench,
a sentence-level negation understanding bench-
mark that reflects the empirical distribution
of Korean negation phenomena. Evaluating 47
LLMs on Thunder-KoNUBench, we analyze
the effects of model size and instruction tun-
ing, and perform error analysis to better un-
derstand model behavior. We further show that
fine-tuning on Thunder-KoNUBench improves
negation understanding and broader contextual

comprehension in Korean '.

1 Introduction

Negation is a fundamental operation in natural lan-
guage that reverses the meaning of an expression
into its opposite. It enables a variety of linguistic
functions, including contradiction, inability, and
denial, while also supporting logical reasoning by
specifying what is false or absent. Therefore, ef-
fectively processing negation is crucial for strong
language comprehension.

However, many studies indicate that large lan-
guage models (LLMs) often struggle with handling
negation (Jumelet and Hupkes, 2018; Kassner and
Schiitze, 2020; Truong et al., 2023). Similar diffi-
culties have been reported in vision-language mod-
els (VLMs) (Alhamoud et al., 2025; Park et al.,
2025). In response to these challenges, several
datasets (Garcia-Ferrero et al., 2023; Hossain et al.,
2022b; Hartmann et al., 2021; Ravichander et al.,
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2022) and training strategies (Hosseini et al., 2021;
Singh et al., 2023; Han et al., 2025; Park et al.,
2025) have been proposed to enhance or evalu-
ate negation handling in both LLMs and VLMs.
Unfortunately, these efforts have predominantly
focused on English. Despite the development of
recent benchmarks for negation phenomena in lan-
guages such as Czech, German, Ukrainian, Bulgar-
ian, and French (Hartmann et al., 2021; Vrabcova
et al., 2025), there is a notable lack of benchmarks
and evaluation studies concerning negation in Ko-
rean. Consequently, little is known about whether
similar limitations exist in Korean, and no bench-
mark currently exists that systematically evaluates
sentence-level negation understanding in Korean.

To address this issue, we first analyze the char-
acteristics and distribution of negation in Korean
and examine whether existing LLMs suffer perfor-
mance degradation in the presence of negation. We
then introduce Thunder-KoNUBench, a multiple-
choice benchmark that reflects the empirical distri-
bution of Korean negation phenomena. Finally, we
evaluate a wide range of Korean and non-Korean
LLMs on Thunder-KoNUBench and investigate
fine-tuning strategies for improving sentence-level
negation understanding.

The main contributions of this paper are summa-
rized as follows:

¢ We demonstrate that LLMs, both Korean and
non-Korean, encounter difficulties when han-
dling negation in Korean, even in simple
sentence-level tasks. They experience signif-
icant performance degradation when required
to reason with negation.

* We conduct a comprehensive corpus study of
Korean negation, analyzing the statistical distri-
bution of major negation types and the sentence
structures in which they are used.

e We introduce Thunder-KoNUBench, a sentence-
level multiple-choice benchmark that system-
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atically reflects the empirical distribution of
Korean negation phenomena.

* We evaluate 47 LLMs (18 Korean models
and 29 non-Korean models) using Thunder-
KoNUBench to analyze the effects of model
size and instruction tuning on negation under-
standing.

* Our experiments indicate that supervised fine-
tuning on Thunder-KoNUBench enhances the
models’ contextual understanding in Korean,
and that cloze-style supervision is more effec-
tive than symbol-style supervision for learning
sentence-level negation.

2 Related Work

2.1 Challenges of LLLMs in Negation Handling

Numerous studies have demonstrated that negation
presents considerable challenges for language mod-
els. Researches indicate that pretrained language
models (PLMs) often struggle to differentiate be-
tween negated and non-negated questions (Kassner
and Schiitze, 2020; Ettinger, 2020). These findings
have been questioned as to whether the observed
performance degradation truly reflects an inability
to handle negation, or rather stems from difficul-
ties in contextual or factual reasoning (Gubelmann
and Handschuh, 2022). However, subsequent work
using more fine-grained evaluation settings shows
that some PLMs still struggle to handle negation
robustly under controlled conditions(Kletz et al.,
2023). Furthermore, their inability to understand
synonym-antonym relationships contributes to fail-
ures in reasoning under negation (Truong et al.,
2023).

These shortcomings have been identified as key
factors leading to degraded performance across var-
ious downstream NLP tasks, including machine
translation (Hossain et al., 2020a; Tang et al., 2021),
information extraction (Grivas et al., 2020), and
sentiment analysis (Barnes et al., 2021). More re-
cently, similar findings have been observed in mul-
timodal language models, such as VLMs, where
improved understanding of negation significantly
impacts performance (Alhamoud et al., 2025). En-
hancing awareness of negation has also been shown
to yield measurable improvements (Park et al.,
2025).

2.2 Datasets and Benchmarks for Negation

Previous studies have highlighted that both NLP
corpora and downstream tasks contain very few

instances of negation (Hossain et al., 2020b,
2022a). It has led to an increasing focus on
benchmarks specifically designed to evaluate nega-
tion comprehension. NaN-NLI (Truong et al.,
2022) and ScoNe (Ravichander et al., 2022) as-
sess whether models can accurately determine
premise—hypothesis relationships in the presence of
negation. Additionally, CONDAQA (Ravichander
et al., 2022) evaluates whether models understand
the semantic implications of negated statements.
Thunder-NUBench (So et al., 2026) tests if mod-
els can identify the correct standard negation of
an original sentence, with a clearly defined scope
of negation. However, these efforts are primarily
focused on English and a few high-resource lan-
guages.

Although multilingual benchmarks have been
proposed (Hartmann et al., 2021; Vrabcova et al.,
2025), there are no comparable resources or sys-
tematic studies of negation in low-resource lan-
guages such as Korean. Among existing Korean
benchmarks, KoBest (Jang et al., 2022) introduces
SentiNeg, a sentiment analysis task involving nega-
tion, but its coverage of negation is limited, and
the sentences are overly simplistic. KMMLU (Son
et al., 2025) includes a subset of questions that
contain negation, yet these items are mostly easy
declarative questions, failing to capture the impact
of negation on model performance meaningfully.
To address this gap, we examine the impact of nega-
tion in Korean and introduce a benchmark specif-
ically targeting negation understanding, carefully
designed to reflect the linguistic characteristics of
Korean negation.

3 Korean Negation

Negation in Korean is expressed through vari-
ous morphological, syntactic, and semantic mecha-
nisms. Despite its complexity, there has been lim-
ited empirical investigation into its statistical prop-
erties, and few analyses have explored its impact
on the performance of LLMs. In this section, we
define the negation in Korean, analyze their statisti-
cal distribution, and evaluate LLMs’ robustness to
Korean negation.

3.1 Definition of Negation in Korean

Logically, negation is an operation that reverses
the meaning of an original sentence. If a sentence
expresses the proposition P, its logical negation
corresponds to —P. This complementary relation-
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ship is distinct from contradiction, which simply
refers to the incompatibility between two propo-
sitions. To implement logical negation, Thunder-
NUBench (So et al., 2026) introduces standard
negation as a logical operation that reverses the
truth value of the entire sentence. This is different
from local negation, which provides only a partial
negation of the overall meaning of the sentence.
In this work, while adopting the core concepts of
Thunder-NUBench, we redefine standard negation
and local negation to systematically reflect the lin-
guistic properties of Korean.

Standard Negation. Standard negation is de-
fined as a recursive operation applied to the logical
structure among main clauses. It first negates the
logical relationship (e.g., conjunction, disjunction,
implication) connecting the main clauses and is
then recursively applied to each main clause. This
process continues until only atomic propositions
remain, at which point standard negation is realized
by negating the predicate of each atomic proposi-
tion. This concept is grounded in two linguistic
assumptions: (1) a main clause can express a com-
plete meaning on its own and thus functions as an
atomic proposition, and (2) the predicate serves as
the head of the clause (Miller and Miller, 2011).

When negating predicates, diverse negative
markers in Korean may be used. Korean employs
a variety of negative markers such as “2F”, “&”,
“ 2] @k, “-2] Z5)-7, and “-Z] -, Each of these
markers conveys a distinct semantic nuance and
is subject to specific syntactic and semantic con-
straints on its usage (see Appendix A for a detailed
linguistic description of Korean negation). When
negating the predicate of a clause, these markers
may be used depending on the predicate type and
sentence context.

Local Negation. Local negation refers to nega-
tion applied locally, producing a partial negation
that does not reverse the meaning of original sen-
tence completely. This includes cases where nega-
tion targets a dependent clause or only one of mul-
tiple main clauses. In Thunder-NUBench (So et al.,
2026), the classification of local negation based
on English sentence structure is divided into sev-
eral categories: negation in relative clauses, par-
ticipial clauses, adverbial clauses, and compound
sentences with local negation.

In this paper, we redefine the typology of lo-
cal negation in terms of Korean sentence structure.
Clause combinations in Korean take diverse struc-

Category Example

Noun FHEO| HI7F ©718 7|0t — F R0

clauses H|7} @ 2] ¢F7|& 7)ok}

Negation (The farmers are waiting for it to rain. — The
farmers are waiting for it not to rain.)

Adnominal  Uj7} o] 19501d0] o] WarglTy. —

clauses W7k Eol L] e 19501 ] iAol

Negation Elelereg

(In 1950, the year I was born, a war broke out.
— In 1950, the year I was not born, a war broke
out.)

Quotation = 17} L}o] Adof BtEHrky S4iTh —
clauses U 27t 4o Aol whEsha] ofgitha
Negation =3}
(I heard that he was satisfied with my speech. —
I heard that he was not satisfied with my
speech.)

Subordinate o] 2 A} =S L= 28 F9Ic}. 2ol
clauses Z A ol E U B8 F9rh

Negation (I watered the flowers so that they would grow
well. — I watered the flowers so that they would
not grow well.)
Adverbial $2]t= 47 AWtEE 48 v A F9ct
clauses — 28 97} A U] Bt s 4
Negation H|#A Fith

(We stepped aside to let her pass. — We stepped
aside so that she could not pass.)

Coordinated U=wre Holy, A3 whe Aok —
sentence UL vk ol ol v, A7 whS Wit
with local (I ate rice, and my friend ate bread. — I didn’t
negation eat rice, and my friend ate bread.)

Table 1: Examples of Local Negation Typology in Ko-
rean.

tural forms. Korean clauses may be linked via con-
nective endings or conjunctive particles, or embed-
ded within another clause as part of a larger syntac-
tic structure (see Appendix B for a detailed discus-
sion of Korean sentence structure). Our classifica-
tion includes negation in noun clauses, adnominal
clauses, adverbial clauses, quotation clauses, sub-
ordinate clauses, and coordinated sentences with
local negation. Examples of each category are pro-
vided in Table 1.

3.2 Statistics of Korean Negation

We analyze the statistical distribution of negation
in Korean using a large-scale corpus from the Ope-
nAl Dataset Project (AI-Hub, S.Korea). The dataset
we utilize is titled "gt=o] A50] A= AT
Al oo d 74k 9l gjo]E]" (Dataset and Large
Language Models with Improved Korean Perfor-
mance). It includes both spoken and written-style
texts and covers a wide range of topics, reflecting
diverse real-world language use. Further details on
the corpus are provided in Appendix C.

To begin the analysis, we segment all sentences
in the corpus using split_sentences function in
the KSS library. We then randomly sample 30,000
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¢t A A (an type)

% A4 (mot type)

WH(malda) Total

Short-Form Long-Form Short-Form Long-Form

Instance (%) 795 (25.16%) 1,598 (50.57%) 174 (5.51%) 473 (14.97%) 120 (3.8%) 3,160 (100%)

Adverbial
Clause

Noun
Clause

Adnominal
Clause

Quotation Subordinate
Clause

Main

Clause Total

Clause

Instance (%) 1,022 (32.34%) 624 (19.75%) 98 (3.1%) 132 (4.18%) 241 (7.63%) 1,043 (33.01%) 3,160 (100%)

Table 2: Distribution of syntactic negation in Korean. The upper part shows the distribution of negation types, while
the lower part presents the distribution of clause types in which negation appears.

KMMLU BoolQ
Negative Affirmative Original Negated
Korean Models 63.0 66.0 73.2 58.6
Non-Korean Models 62.7 63.6 62.8 50.2
All Models 62.8 64.6 67.2 53.7

Table 3: Average performance of models on KMMLU
and BoolQ with and without negation.

sentences using a fixed random seed 2025. Upon
inspection, we find that some sentences are exces-
sively long to be treated as single sentences, so
we remove sentences longer than 400 characters,
resulting in a total of 29,476 sentences. Next, we
apply a rule-based method to identify sentences
containing negation. Then, the authors manually
verify the candidates to ensure they accurately rep-
resent genuine instances of negation.

Through this verification process, we identify
3,160 negative sentences, indicating that approx-
imately 10.7% of the Korean corpus consists of
negative sentences. Furthermore, we examine the
statistical distribution of these negations. Table 2
presents the distribution of each type of negation
in the corpus, along with the types of sentences
in which each negation expression appears. For a
detailed linguistic description of Korean sentence
structure, please see Appendix B.

3.3 LLMs on Korean negation

LLM performance on KMMLU. KMMLU is
a multiple-choice dataset featuring 45 categories
that reflect Korea’s cultural and regional charac-
teristics. While the benchmark includes questions
involving negation, it does not sufficiently address
whether language models genuinely struggle with
negation in Korean. In fact, the authors pointed
out that models tend to perform better on items
with negation compared to items without negation
in the KMMLU test set. Their analysis suggests
that this result arises because the negative ques-
tions in KMMLU focus primarily on relatively sim-

ple declarative knowledge, rather than procedural
knowledge (Son et al., 2025).

To investigate whether models face difficulties
with negation even in simple declarative questions,
we conducted an additional experiment. First, we
extracted a total of 7,153 questions containing nega-
tion from KMMLU using a rule-based detector and
converted them into binary-choice items for eval-
uation. Next, we transformed these items into af-
firmative sentences and re-evaluated the models.
Figure 1a provides an example of this process. The
results, shown in Table 3, indicate that both Ko-
rean and non-Korean models achieve higher per-
formance on the affirmative versions on average.
These findings suggest that models struggle to han-
dle negation, even in simple declarative questions.

LLM performance on KoBest BoolQ. KoBest
BoolQ is a binary-choice dataset featured in
KoBest (Jang et al., 2022), in which models are
required to respond with either True or False based
on their understanding of the provided context. This
task is more challenging than the straightforward
declarative questions in KMMLU, as it requires
context-sensitive reasoning. To investigate the im-
pact of negation, we transformed all 1,404 ques-
tions into their negated forms and assessed the mod-
els’ performance. An example of this process is
shown in Figure 1b. The results indicate a signifi-
cant decline in performance across all 43 models,
reinforcing the previous finding that LLMs struggle
to reason under negation (Truong et al., 2023), and
this issue is also relevant in Korean.

4 Thunder-KoNUBench

4.1 Task Overview

Thunder-KoNUBench is a multiple-choice dataset
consisting of 4,784 instances, designed to eval-
uate sentence-level understanding of negation
in Korean (see Figure 2 for an example). In
terms of the scope and categorization of negation,
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Question:

Sl WIS ZUAI7|= HH 2 HHSHA| 242 A2?
(Which of the following is not an appropriate method for
mitigating frost damage?)

Answer: B

Question:

S4olo| IokS FYUAIT|E o2 B 212

(Which of the following is an appropriate method for mitigating
frost damage?)

(a) An example of binary-format KMMLU questions containing negation (left) and their affirmative counterparts (right).

context:
OTT ME|AL OIEUIS 6} W 21298k 0§ S 2435 0|c|of 2HXE

M SdHs ME|AS TSICH OTTAH|A = 7|0 HHY|E S3f| Yo TVERIH S

S
Z2|0/ 2HXES VoD YA 22 HS3h= AH|IAE XYL 0|2 QIEU 7| Satof el 2HX {S0| DHFAIK| ZeSHHA OTTL| 2|0|7t SChFACH

(OTT services refer to services that deliver various types of media content—such as television programs, movies, and educational materials—over the internet.
Initially, OTT services referred to platforms that provided premium content, including movies and TV programs, through dedicated devices using a VOD model.
As internet technologies evolved and content distribution expanded to mobile platforms, the scope of OTT services broadened accordingly.)

Question: Question:
OTT MH|A= Y| S St 2HIZX K|S AfH|ARES 2|0|stCy OTT AMH|AE THVIE Sot ZHX S MB|ARES 2|0|5HA| =Lt
(OTT services refer solely to content delivery services provided - 5 (OTT services do not refer solely to content delivery services provided

through dedicated devices.)

Answer: "OtL|Q" (False)

(b) An example of KoBest BoolQ questions

through dedicated devices.)

Answer: "0]” (True)

in their original (left) and negated (right) forms.

Figure 1: Illustration of negation-induced performance evaluation on KMMLU and KoBest BoolQ.

( standard negation:

(reverses the truth value of the main clause by applying a Korean negation expressi
- FHEO| M&0] Qof LIHX| 222 =H35IX| &=Lt (No part of the sentence other

-HE0 ZURY M= =2|H 7E(-(P - Q) =P A-~Q)S U2t £7YStct

(When the sentence contains multiple main clauses, negation follows De Morgan’s
$t=10{9| £ HEH(Negation Expressions in Korean):
- 2H A Y (an Type): 2k(an), -X| %-(Hi anh-)
- 2 A Y (mot Type): Z(mot), -X| Z3}-(-ji mota-)
- UCH(malda)

(negation expressed through complementary antonyms (e.g., attend / not attend).

AR Y2 U7t B T OIS WX SES H2 7S HIE TEACH

standard negation
local negation

el il (The king built a small ship carrying various seeds and

7k X § &2 ol2f Tof Motat 528 B 2

o

paraphrase

L Z = (Answer): A

x| HB0|2 hR0jo B BENUS BN LYUORZM AL PE -PE BECY,

(When the original sentence is a conditional, negation follows the logical rule /(P — Q)= P A =Q.)

-FEOI o WY R =227kl FA (0. «(P A Q)= -P v ~Q)0f W2t BE FEO| &0 S £YBCL

- {34 £7(lexical negation): & Hto|0fE &% £7F(O|ch/otL |t BAM3ICh=H3IC S)
m )

2H: CH22| Y22 standard negation2 E-8310] 2HIZ/H 2H 242 122,
(Question: Choose the sentence that correctly applies standard negation to the given original sentence.)

(Original Sentence: The king built a massive ship carrying various seeds and animals after the great flood ended.)

A 2 Uss7t B = O N S22 A2 IS S 2 2SACH

(The king could not build a massive ship carrying various seeds and animals after the great flood ended.)
B. &2 Ui8+7t Bt = CHYDt MAO|L S2S A &2 7St B E TS ACH

(The king built a massive ship that did not carry various seeds or animals after the great flood ended.)

C. Y2 TiZ47t B O[3 Chet WO S22 M2 T2 WS BhSlCt,

(After the great flood, the king built a large ship carrying many kinds of seeds and animals.)

on to its predicate, thereby converting the original proposition P into <P.)

than the predicate of the main clause may be modified.)

laws (e.g., °(P A Q) =PV ~Q)), requiring negation of the predicate in each main clause.)

animals after the great flood ended.)
HiE X| ALt

Figure 2: An example instance from Thunder-KoNUBench.

Thunder-KoNUBench closely follows the structure
of Thunder-NUBench (So et al., 2026), while ap-
propriately adapting it to reflect the linguistic prop-
erties of the Korean language. Specifically, models
are required to select the correct standard nega-
tion of the original sentence from various distrac-
tors, which include local negation, contradiction,
and paraphrase. For a detailed description of each
category, see Table 4. To choose the correct an-
swer, models must identify the main clause and its

primary predicate and then apply the appropriate
negation to it.

Distributions of negation. Table 5 shows the
distribution of negation in Thunder-KoNUBench.
We analyze the types of negation present in both
standard and local contexts, as well as the clause
types in which local negation occurs. Since the KL
divergence from the distribution observed in the
corpus (Table 2) is very small, we conclude that our
benchmark closely aligns with the distributional
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Category Description

Standard Negation Sentences that negate the main predicate of the main clause, thereby reversing the truth value of the
original sentence. The main predicate is negated using Korean syntactic negation or complementary
antonyms . This category constitutes the correct answer choice in Thunder-KoNUBench.

Sentences in which negation applies locally—either to a predicate in a dependent clause or to only one of

multiple main clauses—thereby producing a partial negation that does not reverse the overall sentence

Local Negation

meaning.

Contradiction Sentences whose meaning is incompatible with the original sentence, but which do not use syntactic or
lexical negation. The meaning is altered through gradable antonyms, different numerical values, changes
of entity, or other semantic shifts.

Paraphrase Sentences that preserve the meaning of the original sentence while changing its surface form. This

may involve using synonyms or altering the syntactic structure, resulting in sentences that must be true
whenever the original sentence is true.

Table 4: Multiple choice categories included in Thunder-KoNUBench.

et Al (an type)

5 A4 (mot type)

Dhmalde)  Total  Dki(P|Q)

Short-Form

Long-Form Short-Form Long-Form

Instance(%) 1,991 (20.92%) 5,377 (56.49%) 671 (7.05%) 1,210 (12.71%) 269 (2.83%) 9,518 (100%) 0.007430

Adverbial
Clause

Noun
Clause

Adnominal
Clause

Quotation Subordinate Coordinated
Clause

Total DKL (PHQ)

Clause Sentence

Instance(%) 1,433 (33.73%) 891 (20.97%) 134 (3.15%) 152 (3.58%) 243 (5.72%) 1,395 (32.84%) 4,248 (100%)

0.413696

Table 5: Distribution of negation in Thunder-KoNUBench. The upper part shows the distribution of negation types,
while the lower part presents the distribution of clause types in which negation appears under local negation. The
KL divergence is computed as Dk, (P||@), where P denotes the distribution observed in the Korean corpus in
Section 3.2 and Q denotes the distribution in Thunder-KoNUBench.

Split Train Validation Test Total
2,500 1,000 1,284 4,784

Table 6: Thunder-KoNUBench statistics.

Count

Max Min Median Average
100.0 88.0 98.0 97.6

Table 7: Human evaluation results on Thunder-
KoNUBench.

properties of negation in Korean.

4.2 Construction of Thunder-KoNUBench

The Thunder-KoNUBench dataset is developed
through three main stages: (1) pre-processing of
original sentences, (2) generating each choice, and
(3) review. Detailed prompt examples used in the
construction process are provided in Appendix D.

Pre-processing of original sentences. We crawl
the Korean Wikipedia (ko.wikipedia, 2025) and
split the text into pairs of sentences using a rule-
based method. Then, we employ the OpenAl
API (OpenAl, 2025) to merge each pair into a sin-
gle, well-formed sentence. This approach of split-
ting the text into two-sentence units before merging
them is designed to avoid overly simplistic original
sentences. The authors conduct a manual verifica-
tion process to correct any grammatical errors and

unnatural expressions, thereby finalizing the set of
original sentences.

Generation of choices. Each original sentence is
paired with four options: standard negation, local
negation, contradiction, and paraphrase. Descrip-
tions of these options are provided in Table 4. These
four options serve as candidates for the negated
form of the original sentence, and the model must
select the standard negation by following the in-
structions and demonstrating an understanding of
sentence structure and Korean negation expres-
sions. Standard negation and local negation are
created manually by the authors, without the use
of language models. When language models are
employed, the generated sentences often fail to
negate the intended part correctly or introduce un-
intended modifications elsewhere. Since Thunder-
KoNUBench is designed to assess whether a model
can accurately identify the main clause’s predicate
and negate it appropriately, the authors manually
construct these two categories. In contrast, the con-
tradiction and paraphrase options are initially gen-
erated using the OpenAl API (OpenAl, 2025) and
are subsequently refined through a thorough review
process conducted by the authors.
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Review process. The construction of the origi-
nal sentences and all response options undergoes
thorough cross-checking among the authors. For
each item, a different author, independent of the
creator, verifies its correctness. Any disagreements
are addressed collectively during regular meetings
(see Appendix E for details on the review process
and inter-annotator agreement). This process en-
sures that all authors reach a consensus on every
item, which upholds the quality of the final dataset.
Table 6 displays the statistics of the final dataset.

4.3 Human Evaluation

After creating the dataset, we conduct a human
evaluation to verify its reliability and establish a
baseline for human performance. We recruit ten
participants who are not part of our research group
and ask them to solve 50 questions randomly se-
lected from the test set. To ensure the evaluation’s
validity, we restrict all participants’ internet access
to prevent the use of external resources.

The evaluation is conducted by asking partici-
pants to select the option they consider correct for
each question. Performance is measured using stan-
dard accuracy; since the test consists of 50 ques-
tions, each correct answer is assigned 2 points (and
0 points for incorrect answers), resulting in a total
score out of 100. The human performance results
on Thunder-KoNUBench are presented in Table 7.
The consistently high human performance suggests
that our benchmark is internally consistent and lin-
guistically sound, serving as a reliable testbed for
model evaluation.

5 Experiments

5.1 Experimental Setup

Models. We conduct experiments on 47 large
language models (LLMs), including several vari-
ants of Qwen 3 (Yang et al., 2025), Mistral (Jiang
et al., 2023), Llama 3.1 and Llama 3.2 (Grattafiori
et al.,, 2024), GPT-4.1 (Achiam et al., 2023),
and Claude-Opus 4.5 (ANTHROPIC, 2025). Our
evaluation also includes nearly all major Ko-
rean LLMs released to date, such as Kanana
1.5 (Bak et al., 2025), mi:dm 2.0 (KT, 2025), hyper-
clobaX (Team-HyperCLOVA, 2025), EXAONE-
4.0 (LG-Research et al., 2025a), EXAONE-
Deep (LG-Research et al., 2025b), and A.X
4.0 (SKT, 2025), along with many widely used
non-Korean models. More details can be found in
Appendix F. This comprehensive selection ensures

that our results accurately reflect the performance
of both domestic and international state-of-the-art
LLM:s.

Evaluation method. We evaluate models using
the LM Evaluation Harness (Sutawika et al., 2025)
in two standard settings for Multiple-Choice Ques-
tion Answering (MCQA): cloze and symbol. In the
cloze setting, when presented with a question, the
model determines which option has the highest log-
likelihood. We report performance using length-
normalized accuracy (acc_norm), calculated by di-
viding the raw log-likelihood of each option by
the number of characters. In the symbol setting,
the question and all answer options are provided
together in a multiple-choice format. The model
selects the answer by choosing the symbol (e.g., A,
B, C, and D) with the highest log-likelihood. Since
all symbols have the same length, we evaluate per-
formance using the standard accuracy (acc).

We assess models in both zero-shot and few-shot
settings (1, 2, 5, and 10 shots). For the few-shot
evaluations, we sample demonstration examples
with three random seeds (1234, 308, 1028) and
report the average performance across them.

Supervised fine-tuning. Using the training set
from Thunder-KoNUBench, we perform super-
vised fine-tuning (SFT) on 35 models with fewer
than 20 billion parameters. To prevent catastrophic
forgetting (Kirkpatrick et al., 2017), where a model
loses previously learned knowledge while acquir-
ing new information, and to enable parameter-
efficient training, we apply Low-Rank Adaptation
(LoRA) (Hu et al., 2022). Specific configurations
can be found in Appendix G.

5.2 Results

We analyze the results by examining trends in
model size and by comparing base models with
instruction-tuned models. Additionally, we inves-
tigate the performance improvements achieved
through SFT. Detailed evaluation results can be
found in Appendix H.

Model size. Our observations reveal a consistent
trend across both Korean and non-Korean models:
within each model family, larger models tend to
achieve better performance. This pattern is evident
in both evaluation formats—the cloze and symbol
settings—indicating that increases in model size
are generally associated with improved handling
of negation (see Figure 3). This finding contrasts
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Figure 3: Model performance across different model
sizes on zero-shot setting. The horizontal axis represents
model size (in billions of parameters), and the vertical
axis indicates performance (acc or acc_norm).

with earlier research (Truong et al., 2023), which
suggested that larger models are less sensitive to
negation. In contrast, our results indicate that larger
models are better equipped to move beyond superfi-
cial cues, making them more robust when address-
ing sentence-level negation.

It is important to note that this improvement is
not strictly monotonic. We observe a noticeable
slowdown or even a temporary decline in perfor-
mance, especially among models with 8 to 12 bil-
lion parameters. This non-monotonic trend sug-
gests that we are in a transitional phase of model
scaling, where increasing capacity does not im-
mediately lead to better handling of Korean nega-
tion. We hypothesize that this pattern indicates a
mismatch between the emerging representational
complexity and the level of linguistic supervision
needed to master the nuanced aspects of negation.

Instruction-tuned models. In Figure 4, it is ob-
served that instruction tuning improves general per-
formance in the symbol setting. However, instruc-
tion tuning of non-Korean models often degrades
performance in the cloze setting, suggesting that
instruction tuning overemphasizes symbol-style
MCQA formats. This bias improves format pro-
ficiency but reduces robustness to negation when
evaluated on low-resource languages such as Ko-
rean.

Korean models Non-Korean models

Bl kanana-1.5 Hl Qwen3
Im SOLAR B Llama-3
Mistral
20 I 20
[ G LI  _wn.al

D AOR D DD DR PO
,vy@&;\eps;\% RAEOE O

]
-20 -20

DR VR AOD DD DR PR
S RR AN PP PP,

(a) Cloze. (b) Symbol.

Figure 4: Performance change of instruction-tuned mod-
els relative to their base counterparts. The vertical axis
represents the difference between the performance of
instruction-tuned models and that of the corresponding
base models.

These findings suggest that instruction tuning
may exacerbate the curse of multilinguality (Con-
neau et al., 2020; Wang et al., 2020). Fine-tuning
on high-resource languages can negatively affect
performance on low-resource languages, and this
effect is especially pronounced in understanding
negation.

Error Analysis. Table 8 presents the distribu-
tion of incorrect choices selected by representa-
tive Korean and non-Korean models on Thunder-
KoNUBench. The full error analysis results for all
models are presented in Appendix I. In the cloze
setting, more than 90% of the errors are concen-
trated on local negation options. This pattern con-
sistently holds across model families, instruction-
tuning settings, model sizes, and overall perfor-
mance levels, as well as across both Korean and
non-Korean models.

In the symbol-based setting, the concentration
on local negation is somewhat reduced compared to
the cloze setting, but it still remains the dominant
error type. These results suggest that models do
not fully capture the semantic effect of negation in
Korean; rather, they tend to focus on the surface-
level application of negation markers.

Effect of SFT. SFT is conducted in two set-
tings: cloze and symbol. We find that both ap-
proaches yield performance comparable to or even
better than the original 10-shot results, without
compromising performance on other tasks such as
ARC (Clark et al., 2018), HellaSwag (Zellers et al.,
2019), and Winogrande (Sakaguchi et al., 2021),
as shown in Table 9. Additionally, our experiments
reveal an apparent asymmetry in transferability be-
tween the two formats. Fine-tuning on the cloze for-
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model name evaluation performance incorrect choice distribution
method
‘ local negation(%) contradiction(%) paraphrase(%)

cloze 56.31 94.83 3.74 1.43
Qwen3-8B-Base symbol 85.44 ‘ 85.56 8.02 6.42
cloze 39.56 93.17 451 2.32
Non-Korean | ma-3.1-88 symbol 53.66 ‘ 53.28 12.27 34.45
. cloze 63.16 93.66 4.65 1.69
Mistral-7B-Instruct-v0.3 symbol 72.90 ‘ 75.86 6.03 18.10
gpt-4.1 symbol 92.13 | 97.03 1.98 0.99
claude-sonnet-4-5-20250929 symbol 98.05 ‘ 72.00 28.00 0.00
. cloze 61.21 94.38 442 1.20
Midm-2.0-Base-Instruct 1L.5B) o o) 59.50 ‘ 50.77 30.77 18.46
. cloze 53.50 94.64 4.19 1.17
kanana-1.5-8b-instruct-2505 symbol 56.70 ‘ 51.44 13.67 34.89
Korean cloze 40.50 93.98 471 1.31
SOLAR-10.7B-v1.0 symbol 41.98 ‘ 44.83 14.23 40.94
cloze 50.16 96.41 3.12 0.47
EXAONE-4.0-32B symbol 81.46 90.76 5.88 3.36
cloze 73.83 91.67 5.65 2.68
A-X-4.0 (72B) symbol 95.72 87.27 7.27 5.45

Table 8: Incorrect choice distributions of Korean and non-Korean models under zero-shot evaluation.

| Thunder-KoNUBench | KMMLU \

BoolQ |

‘ Cloze

‘ Symbol ‘ Negative ‘Afﬁrmative‘ Original ‘ Negated ‘

ARC ‘ Hellaswag ‘ Winogrande

Easy ‘ Challenge ‘ ‘

Cloze-style
fine-tuning
Symbol-style
fine-tuning

85.1 (+34.2)(69.6 (+10.5)|61.0 (+0.4)| 62.3 (-0.1) |66.7 (+3.0)|53.4 (+0.9)|71.5 (+0.5)|49.2 (+0.2)|70.7 (+0.1)| 67.4 (+0.1)

57.3 (+6.4) 89.8 (+30.7)|61.2 (+0.7)| 62.5 (+0.1) |65.5 (+1.8)|52.8 (+0.3)|71.4 (+0.4)|49.2 (+0.2)|70.7 (+0.1)| 67.3 (+0.0)

Table 9: Average model performance after SFT on Thunder-KoNUBench and other tasks. Values in parentheses

indicate the performance gain relative to the baseline.

mat leads to an average improvement of 10.5% in
symbol-format evaluation, whereas fine-tuning on
the symbol format only results in a 6.4% enhance-
ment in cloze-format evaluation. This asymmetry
suggests that training models to generate negated
sentences (required in the cloze format) provides
a richer and more generalizable supervision signal
than merely selecting from pre-generated options
(e.g., A, B, C, and D).

Cloze-style fine-tuning requires models to gen-
erate the correct standard negation of a sentence,
which involves identifying the negation scope and
applying appropriate Korean negation to the main
predicate. In contrast, symbol-based formulations
reduce the negation task to a label selection prob-
lem, providing a limited training signal for learning
how negation is constructed.

Fine-tuning on Thunder-KoNUBench also im-
proves broader contextual understanding, as ev-
idenced by substantial gains on KoBest BoolQ,
which we previously examined in Section 3.3. Con-
sistent with our negation results, cloze-style fine-
tuning yields larger improvements than symbol-
based fine-tuning, highlighting the importance of

generation-based supervision for learning negation.

6 Conclusion

In this paper, we demonstrate that LLMs struggle
with negation in Korean and introduce Thunder-
KoNUBench, a benchmark for evaluating sentence-
level negation understanding. Inspired by Thunder-
NUBench, Thunder-KoNUBench covers a broad
range of Korean-specific negation types and struc-
tures and closely matches their empirical distribu-
tion. Evaluating 47 LLMs, we find that larger mod-
els are generally more robust, while multilingual in-
struction tuning can degrade negation performance
in low-resource languages like Korean. Error anal-
ysis indicates that most errors concentrate on local
negation, suggesting reliance on surface-level nega-
tion cues rather than true semantic understanding.
Fine-tuning experiments further show that a cloze-
based format provides more effective supervision
than symbol-based alternatives for improving nega-
tion understanding. Thunder-KoNUBench is pub-
licly available at https://champ.snu.ac.kr/.
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Limitations

Lexical negation is inherently relational, as forms
such as ") T} (exist) and "Gl T} (not exist) consti-
tute negation only with respect to each other, rather
than in isolation. As a result, in our corpus-level sta-
tistical analysis, we primarily focused on syntactic
negation markers and did not identify or count lexi-
cal negation. However, Thunder-KoNUBench itself
includes a number of instances involving lexical
negation, as complementary antonyms are permit-
ted when constructing standard negation. Both syn-
tactic and lexical negation are therefore represented
in Thunder-KoNUBench.

Furthermore, Thunder-KoNUBench does not
simply require models to interpret naturally oc-
curring negated sentences; instead, it asks them
to identify the option that correctly corresponds
to the negation of a given original sentence. This
design is motivated by our goal of capturing a fun-
damental aspect of negation—the operation that
maps a proposition P to its counterpart = P—in
Thunder-KoNUBench. As a result, our benchmark
does not evaluate negation understanding in more
naturalistic settings, where negation appears in nat-
ural contexts. In particular, it does not assess how
models comprehend and reason over negation in
context. Developing more naturalistic evaluation
settings that examine how models understand nega-
tion in context remains an important direction for
future work.

Ethical Considerations

This work does not rely on crowdsourcing. Instead,
all data included in Thunder-KoNUBench were
manually reviewed by the authors to ensure high
quality, relevance, and compliance with ethical
standards. All datasets and tools used for training
and evaluation are publicly available and were uti-
lized in accordance with their respective licenses.

When using OpenAl’s text generation models,
we exercise additional caution to prevent the in-
clusion of harmful, biased, or privacy-violating
content. All generated examples undergo manual
inspection to ensure they meet ethical and safety
requirements. In particular, we verify that the final
dataset contains no personally identifiable informa-
tion or offensive material.

The human evaluation was approved by the
Institutional Review Board (IRB No. 2512/004-
012). All participants received sufficient informa-
tion about the study and were given adequate rest

time, ensuring that the evaluation was conducted
in an ethically responsible manner.

The Thunder-KoNUBench dataset is made avail-
able under the CC BY-NC-SA 4.0 license to sup-
port transparent and reproducible research and to
facilitate responsible reuse. We believe that our
work provides a meaningful step toward building
more trustworthy and interpretable language mod-
els.
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A Negative Expressions in Korean

A.1 Syntactic Negation

There are three main types of syntactic negation
in Korean, each characterized by distinct mean-
ings and syntactic constraints(Table 10 shows
details and examples). In constructing Thunder-
KoNUBench, we carefully adhered to these con-
straints and incorporated all three types.

ot Al (An type). The An type is used to ei-
ther simply reverse the truth value or to negate
the subject’s volition. It cannot be used in sen-
tences whose predicates involve actions that pre-
suppose the subject’s ability (e.g., " &l " (know),
"HAr]c}"(endure)). The An type is divided into
short-form negation, where a negative adverb " QF"
precedes the predicate, and long-form negation,
where a negative auxiliary verb "- 2] 2" follows
the predicate.

2 A (Mot Type). Mot type expresses the sub-
ject’s inability to perform an action (correspond-
ing to cannot in English). It cannot be used with
predicates that are adjectival inflections(e.g., " Z}oF
Cl"(kind), " o5 5 T} "(beautiful)), as the notion of

inability cannot be semantically ascribed to stative
predicates. Like the An type, it has both a short
form, where "Z2" precedes the predicate, and a
long form, where the negative auxiliary verb "- ]
Z5F-" follows the predicate.

2t} (Malda). In imperative or hortative sen-
tence, prohibitive negation is realized by attaching
the auxiliary verb "-X] 2F-" after the predicate.

Constraints of short-form negation. Short-
form negation realized by negative adverbs cannot
generally be applied to predicates that are com-
pounds or derived forms. For example, expressions
such as “QF oSl and “F FEN T} are con-
sidered awkward, whereas their long-form counter-
parts “OF5H %] ¢t and “F-H-S5FA] Z YT are
natural. However, this restriction is not absolute.
When compound predicates are formed through
auxiliary connective endings such as -©}/©{-, short-
form negation is permitted (e.g., “Qt S7}c}”).
In addition, short-form negation is also allowed
when the predicate is a derived form created by
passive suffixes (-©]-, -5]-, -2]-, -7]-) or causative
suffixes (-0]-, -5]-, -&]-, -7]-, -9, -, -5=).

A.2 Lexical Negation

Lexical negation in Korean is realized either by
attaching a negative prefix or by using a comple-
mentary antonym. Negative prefixes (e.g., "H]-", "
=-", "o]-" "B "E.") are attached to nominals.
For example, the noun "5 3" (fairness) combines
with the negative prefix "&-" to form "E33"
(unfairness). In addition, certain derivational suf-
fixes (e.g., "-S}T}") attach to nouns, ideophones, or
mimetic words to form predicates. For instance, "-&-
" (fairness) becomes "-F-H S}t (is fair), which
functions as a predicate in a sentence. The same

process also applies to "=-33" (unfairness), yield-

ing "E-3H S}t (is unfair), which likewise serves
as a predicate.

Since Thunder-KoNUBench focuses on negation
at the predicate level, we allow prefix-based nega-
tion only when a predicate is formed as a "nomi-
nal + Sttt (e.g., "HH St (is fair) — "E3H
S}c}"(is unfair)) construction.

Antonyms can be broadly categorized into three

types:

* complementary antonyms: mutually exclusive
pairs with no intermediate states (e.g., At
(alive) / =t} (dead))
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Negation Type

Affirmative Sentence

Negative Sentence

U Ad o2 e sl

e AYem W of el

An Type (St A Q) Short-Form (1 ate bread for dinner.) (I didn’t eat bread for dinner.)
Long-Form  HE A1M2 B& vlgloh U Au o2 9 o) itk
(I ate bread for dinner.) (I didn’t eat bread for dinner.)
ShortForm = A9OE BEBlh U A o2 we 2 wg
Mot Type (&£ A¥) (I ate bread for dinner.) (I could not eat bread for dinner.)
Long-Form  HE M2 B& vlglot U Auo we w1 29k
(I ate bread for dinner.) (I could not eat bread for dinner.)

(Eat dinner.)

(Do not eat dinner.)

Table 10: Syntactic negation type and example in Korean

* gradable antonyms: pairs of words that denote
opposite ends of a continuous scale, allow-
ing for intermediate degrees between the two
extremes (e.g., g th(hot) / & TH(cold)).

* relational antonyms: pairs of words that de-
scribe a reciprocal relationship where one im-
plies the existence of the other (e.g., A}tH(buy)
[ Zh(sell)).

However, from the perspective of negation that
completely reverses the meaning of the original
sentence, only complementary antonyms constitute
true negation. Accordingly, Thunder-KoNUBench
permits only complementary antonyms when ap-
plying lexical negation to predicates.

B Sentence Structure in Korean

In both corpus analysis and the construction of
Thunder-KoNUBench, we carefully adhere to the
characteristics of Korean sentence structure. In this
section, we describe the sentence structure of Ko-
rean.

Korean sentence structure can be broadly divided
into &% (simple sentences) and 787 (com-
plex sentences). A simple sentence contains a sin-
gle main(i.e., independent) clause, whereas a com-
plex sentence consists of two or more clauses, fea-
turing multiple subject—predicate structures. Com-
plex sentences are further classified into ©] o] % &
ZF(connected sentences) and 2F71 EZ}(sentences
with embedded clause), depending on how the
clauses are combined. Table 11 presents the de-
tailed descriptions and examples.

B.1 Connected Sentences

A connected sentence is formed by combining two
or more clauses through connective endings(e.g.,
-31, -A4, -(0]/9hA]). Coordinated sentences can
be further divided into:

s JE35HA o]ojX EAH(Coordinated sen-
tences), where two or more main clauses are
linked in an equal relationship,

o X472 072 o]o]Z] EZF(sentences with sub-
ordinate clauses), where a subordinate clause
is combined with a main clause in a dependent
relationship.

B.2 Sentences with Embedded Clause

In Korean, a clause can be embedded within an-
other matrix clause, functioning as a single gram-
matical constituent. In this paper, we treat the
matrix clause as the main clause and the em-
bedded clause as the dependent clause. This dis-
tinction is motivated by the design principle of
Thunder-KoNUBench: clauses are categorized as
main clauses if they can function as a complete
sentence on their own, and as dependent clauses
otherwise.

Embedded sentences are classified according to
the grammatical role of the embedded clause, in-
cluding:

o HAFE-S QF2 EZk(sentences with embed-
ded noun clauses)

o 5 H S oF2 B X (sentences with embed-
ded adnominal clauses)
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Structure Description

Example

Simple Sentence
independent) clause.

A sentence that contains a single main(i.e.,

= Aol Ztet.
(I went home.)

Coordinated . . . ol A1 QAL Ztt.
Connected sentences Two.or more main clauses are linked in an equal (Art is long, but life is short.)
Sentences relationship.
a7} 9} o] 2 9ict.
With subordinate A subordinate clause is combined with a main clause in (Because it rained, the ground
clause a dependent relationship. became wet.)
. H|7} @ 7|5 7|tk
ge?:sne An embedded clause that functions as a noun (e.g., (I] ail%ai]tii go?ig—toq—rain )
Sentellllces formed with endings such as -(2)w or -7]). & ’
wit
: . ] 71 ale ;o xujelct.
Embedded Ach;;)umslenal An embedded clause that modifies a nominal argument E"Hl‘hl- bagx‘)_k i?la‘t—l r]lall}igi teresting.)
clause (e.g., formed with -(2) L, -=, (©) =, -B). &
5 7 7 el areict.
Q‘cl;)at 3;::)“ An embedded clause that reports/quotes utterance or g—{e}si—d jhzl-t &?\;gu?d/\ck(jle )
thought (e.g., formed with -2}11, -17). ’
Adverbial "= 11 @7 LhkA] o
clause An embedded clause that functions as an adverbial 231t (He stayed home
modifier (e.g., formed with - 7|, -IT=&), providing because the weather is bad.)
additional information about the main clause.
icati . I7e= FZ7 A
Predicative An embedded clause that serves as the predicate of the 7, 12l 57F o
clause (An elephant has a long trunk.)

sentence.

Table 11: Korean sentence structure.

o 01848 oFS HZk(sentences with embed-
ded quotation clauses)

o HAPH-S oFe EZk(sentences with embed-
ded adverbial clauses)

o A4S ore XK (sentences with embed-
ded predicative clauses).

C Details of the corpus

This section describes the corpus used for analyz-
ing the statistical distribution of negation in Ko-
rean, as introduced in Section 3.2. We use the
dataset titled “gt=to] A50] 7jAE 27 Al
Aojrd Jjdk 9 g|o]E]” (Dataset and Large
Language Models with Improved Korean Perfor-
mance). It consists of approximately 2.28 billion
whitespace-delimited Korean word units(¢]d; Eo-
jel) and is publicly released by The Open Al
Dataset Project(AI-Hub, S.Korea).

The corpus contains both spoken and written-
style texts and spans a wide range of topics and
domains. Table 12 presents the distribution of sen-
tence types in the corpus, and Table 13 shows the
topic-wise distribution of sentences. The diversity
of the corpus ensures that the observed statistical
patterns of negation reflect real-world usage of Ko-
rean negation phenomena.

Number of
whitespace-delimited
Korean word units
(©1; Eojeol)

Category Number of Sentences

Spoken-style 683,277 1,025,519,624
Written-style 2,678,129 1,260,946,221
Total 3,361,406 2,286,465,845

Table 12: Distribution of sentence types in the corpus.

Category Number of Sentences Proportion (%)

Engineering 61,963 1.84
Miscellaneous 374,513 11.14
Daily-life Expressions 3,217 0.10
Healthcare 186,247 5.54
Society 1,218,049 36.24
Industry 600,154 17.85
Arts & Entertainment 178,491 5.31
Humanities 489,046 14.55
Natural Science 149,095 4.44
Religion 100,629 2.99

Total 3,361,404 100.00

Table 13: Distribution of sentences across topic cate-
gories in the corpus.

D Details of Constructing
Thunder-KoNUBench

This section describes the data construction proce-
dure for Thunder-KoNUBench, including sentence-
pair extraction, sentence merging, and the genera-
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tion of contradiction and paraphrase options. The
prompts used in this process were originally written
in Korean, and English translations are provided in
the corresponding figures.

Splitting original text into sentence pairs. We
first crawled the entire Korean Wikipedia and seg-
mented the raw text into individual sentences using
the split_sentences function from the KSS pack-
age, a rule-based Korean sentence splitter. From
the crawled corpus, we extracted approximately 4
million consecutive sentence pairs. Since our target
benchmark size was about 5,000 instances, we did
not use all extracted pairs. Instead, we randomly
sampled 5,000 sentence pairs from this pool.

Merging sentence pairs into a single sentence.
Each two-sentence unit was converted into a single,
natural, and well-formed sentence using the GPT-
4.1 mini model with OpenAl API. This step was
designed to avoid overly short or trivial source sen-
tences and to obtain contexts rich enough for con-
structing benchmark instances. During generation,
we instructed the model to preserve the original
meaning while producing a grammatically coher-
ent sentence and avoiding unnecessary discourse
markers or unnatural referential expressions. The
Korean and English versions of the prompt used
for this step are shown in Figure 5. The generated
outputs were later manually checked and corrected
when needed.

Generating contradiction and paraphrase op-
tions. We generated contradiction and paraphrase
candidates from the merged original sentences us-
ing the GPT-5 model with OpenAl API. For contra-
diction, we instructed the model to produce a sen-
tence incompatible with the original one without
using explicit negation markers, while preserving
the overall structure as much as possible. The corre-
sponding Korean and English prompts are shown in
Figure 6. For paraphrase, we instructed the model
to preserve the original meaning while changing
the surface form without adding new information.
The corresponding prompts are shown in Figure 7.
All generated candidates were manually reviewed
and refined by the authors.

E Details of the Review Process

Thunder-KoNUBench is constructed through a thor-
ough review process among the authors. In this sec-
tion, we provide the protocol in reviewing and how
we deal with inter-annotators’ disagreements.

E.1 Human Review Protocol

Thunder-KoNUBench is constructed through a thor-
ough review process conducted by the authors. In
this section, we describe the review protocol and
how inter-annotator disagreements are identified
and resolved.

Independent task allocation and review. Each
author is assigned a distinct subset of the dataset.
For each instance, the author first finalizes the orig-
inal sentence and then generates its corresponding
standard negation and local negation. In addition,
contradiction and paraphrase options initially gen-
erated by OpenAl API(OpenAl, 2025) are manu-
ally reviewed and revised to ensure linguistic cor-
rectness and semantic validity.

After an author completes their assigned subset,
all instances undergo independent cross-checking
by another author. The reviewer verifies whether
each option is appropriate with respect to the origi-
nal sentence and records all cases of disagreement.

Consensus-building and revision. All disputed
instances are discussed in weekly regular meetings
attended by all authors. During these meetings, we
jointly assess the validity of each disagreement and
determine appropriate revisions when necessary.
Through this consensus-based revision process, all
issues are resolved and the final versions of the data
are confirmed.

E.2 Inter-annotator Agreement

1st regular
meeting

2nd regular
meeting

disagreement

12.8%
rate

3.2%

Table 14: Inter-annotation disagreement rates across
review stages.

We conduct two rounds of cross-checking for all
items, each performed by an independent reviewer.
Table 14 reports the proportion of items for which
at least one label (original sentence, standard nega-
tion, local negation, contradiction, or paraphrase)
was marked as a disagreement during each review
stage. All disagreement cases are resolved through
consensus-building discussions in regular meetings,
yielding a fully consistent final dataset.
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def merge_english_version(text):

prompt = f
def merge(text): - Use coordinate connective endings (e.g., '-go', '-jiman', '-(eu)na',
prompt = """ ‘~(eu)myeo') only when the preceding and following clauses are
- H§H @Zofo|('-2t, =gk, —()L, () S)= & H independent.
G 0| SYAHY ok ArEE A, - When a coordinate connective ending is used, do not include
- CHSH 0|7} AYS wf ZACHYALC' O, 'O, "A", 'O]A" demonstrative pronouns (e.g., 'this', 'that', 'these') or
AU, AA F), AM-EAKCOY, 1O, A §)Y Ao WBS demonstrative determiners that refer back to the content of the
2|25t Lo| S0{7tP oF & preceding clause.
- o AL g Hol 80| F43Y F2 44 ¢Fo0|('-o00f", '~ - If the relationship between the clauses is subordinate, use
OtM/OM", -7 20" S)& A& A subordinate connective endings (e.g., '-a/eo’, '-aseo/eoseo’', '-gi
- BRA'EY, o 52 A85HA 2 A ttaemune') .
- 2o RAES A7|7] fldl RS ME FES MAGH 242 UE - Do not use auxiliary particles such as 'do' or 'man'.
oz g - To satisfy the guidelines above, some details from the original text
HUEE 2 EHL, CIE Y2 ota 21 & 2o sl may be omitted.
22 {text} Given the original text, generate only one sentence and nothing else.
WeE 2 Original text: {text}

Generated sentence:
completion = client.chat.completions.create(
model="gpt-4_ 1-mini",
messages=[
{"role": “"system", "content": "= ZHAY
S MHsh= d&710F. oref 2|ye et o
2

completion = client.chat.completions.create(
model="gpt-4 1-mini",
F messages=[
{"role": "system", "content": "You are an expert in generating a

Ao K
iy
)
2
]
e

c O

2 HA, ORI 2pAey 2AS Moaiz .}, natural and logically coherent single sentence. Following the
{"role": "user”, "content": prompt} guidelines below, synthesize the content of the original multi-
] sentence text into one smooth and natural sentence."},
) {"role": "user", "“content": prompt}

return completion.choices[0].message.content )

return completion. choices[0].message. content

Figure 5: Korean prompt used to merge a pair of sentences into a single natural and well-formed sentence, with an
English translation.

def contradiction_generate_english_version(text):
prompt = £
You are an expert in generating a sentence that is incompatible with
def contradiction_generate(text): Fhe orlg}nal sentence \{uthout using explicit negaFlon exprg5§1ons_ An
— fann incompatible sentence is one that cannot be true if the original
prompt = f . . A o
sentence is true. Given the original sentence, generate a contradiction

W2y BHS ALSS Y1, USL YUY 4 gt PUS BEL e ue. he original sen ; a ¢ ;
JtoF, %2 2Iiss 20at, 20| A o o] EitsE 23S o sentence that is 1nc0mpat1ble with it without using explicit negation.
3. Y2S E HU, B BIS AS2 oD AR YUY 4 g However, do not excessively shorten the contradiction sentence or omit
contradiction 222 AAs{of 3 core elements such as people, events, (Viafes, or locations. Preserve the
o, contradiction 222 YLS IWEFH A5 AL A 24(QS, AL overz_all stru(tu?e and length of the quglnal sentence as much as

2, 9B, da )2 M5 23, AL My Pzt 2o|S AT 8 possible, changing only some expressions.

2|5tHA U EHOF HFRO| OHS0{0f BHC} <Explicit negation expressions)

an / -ji anhda / mot / -ji mothada
<Example of explicit negation>
Original: Supporters of democracy criticized the emergency law as

(2 B3l
o/-2| oiTh/®/-2| R3tct
<2 B8 oAl

HYZ: ARO[ 222450 HYAE] Yol S At £8 A2 Al
Ste deletn HlHgoo], Q1A CH|Zt 1990'dCHRE 2010E7H2] £ FO|
J|aLt AT glo] F7| SZE|UACD SHFCE,

Y QAR 222HS0| HIHAE] Yol ST At S8 H2lS Al
te @elati BITSHA| FUPLE, A ChA7} 1990 ACHLE 2010E7HA] 4~
H YOl 7|ALt 2T glo] FV| SUE AT SIS 2| FRACH.
{contradiction OflA[>

AR 1940'd 8% 29 HIA| FEIL ESO|H AtEE Huel, F7 FR
oF EZ0| A7t UCHst2| Rolfl SSSHACE.

contradiction: 1940 8% 2 H|A| HEI} EZ0|H K& Moy,
I= YR £ AL o REH0|QACH

O] ¥22 = B, contradictionOf siYst= 220 s, Ctg L2
St2| Of.

P {text}

contradiction:

ol

response = client.responses.create(

model="gpt-5", input=prompt, reasoning={"effort":"low"},
text={"verbosity":"low"}

111 response.output_text

violating the right to a fair trial and voting rights, and a human
rights group stated that thousands of people had been detained for long
periods without indictment or trial from the 1990s to 2010.

Negation: Supporters of democracy did not criticize the emergency law
as violating the right to a fair trial and voting rights, or a human
rights group did not state that thousands of people had been detained
for long periods without indictment or trial from the 1990s to 2010.
<{Example of contradiction)

Original: On August 2, 1940, the Vichy government sentenced de Gaulle
to death, and the British government and de Gaulle clashed because
their relationship was not smooth.

Contradiction: On August 2, 1940, the Vichy government declared de
Gaulle not guilty, and the relationship between the British government
and de Gaulle was very friendly.

Now, given the original sentence, generate only a contradiction
sentence and nothing else.

Original: {text}

Contradiction:

response = client.responses.create(

gpt-5", input=prompt, reasoning={"effort":"low"},

"verbosity":"low"}

return response.output_text

Figure 6: Korean prompt used to generate a contradiction sentence that is incompatible with the original sentence
without explicit negation, with an English translation.
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def paraphrase_generate(text):
prompt =

{text}

response = client.responses.create(

model=" " input=prompt, reasoning={" ":"low"},

text={"
)

response.output_text

def paraphrase_generate_english_version(text):
prompt =

{text}

response = client.responses.create(
model=" ", input=prompt, reasoning={" ":"low"},
text={" wony

)

response.output_text

Figure 7: Korean prompt used to generate a paraphrase that preserves the original meaning while changing the

surface form, with an English translation.

F Details of the Models

Non-Korean Models

. . . . . . 3
This section details the models evaluated in this Qwen
paper and their implementation methods. For all - gzzﬁg:g.gg-Base
evaluation, we use a 16-bit (bf16) quantized model. — Qwen3-1.7B-Base
- Qwen3-1.7B
Korean Models - Qwen3-4B-Base
- Qwen3-4B
* Midm-2.0 — Qwen3-8B-Base
— Midm-2.0-Mini-Instruct (2.3B) - 8&233:?483-3%6
— Midm-2.0-Base-Instruct (11.5B) — Qwen3-14B
— Qwen3-32B

EXAONE

— EXAONE-4.0-1.2B
- EXAONE-4.0-32B
— EXAONE-Deep-2.4B
EXAONE-Deep-7.8B
EXAONE-Deep-32B

¢ kanana-1.5

kanana-1.5-2.1b-base
kanana-1.5-2.1b-instruct-2505
kanana-1.5-8b-base
kanana-1.5-8b-instruct-2505

« HyperCLOVAX-SEED

— HyperCLOVAX-SEED-Text-Instruct-0.5B
— HyperCLOVAX-SEED-Text-Instruct-1.5B
— HyperCLOVAX-SEED-Think-14B

* AX-4.0

- A.X-4.0-Light (7.2B)
- A.X-4.0 (72B)

SOLAR

— SOLAR-10.7B-v1.0
— SOLAR-10.7B-Instruct-v1.0

e Llama 3.1 and Llama 3.2

— Llama-3.1-8B
— Llama-3.1-8B-instruct
— Llama-3.1-70B
— Llama-3.1-70B-instruct
— Llama-3.2-1B
— Llama-3.2-1B-instruct
— Llama-3.2-3B
— Llama-3.2-3B-instruct

¢ Mistral

— Mistral-7B-v0.3

— Mistral-7B-Instruct-v0.3
Mistral-Nemo-Base-2407 (12B)
Mistral-Nemo-Instruct-2407 (12B)
Mistral-Small-24B-Base-2501
Mistral-Small-24B-Instruct-2501

G Configurations for Fine-Tuning

We apply LoRA(Hu et al., 2021) with a rank of
8, targeting all linear layers. The scaling factor al-
pha is set to 32, and the dropout rate to 0.05. We
use a batch size of 128 with gradient accumulation,
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https://huggingface.co/upstage/SOLAR-10.7B-v1.0
https://huggingface.co/upstage/SOLAR-10.7B-Instruct-v1.0
https://huggingface.co/Qwen/Qwen3-0.6B-Base
https://huggingface.co/Qwen/Qwen3-0.6B
https://huggingface.co/Qwen/Qwen3-1.7B-Base
https://huggingface.co/Qwen/Qwen3-1.7B
https://huggingface.co/Qwen/Qwen3-4B-Base
https://huggingface.co/Qwen/Qwen3-4B
https://huggingface.co/Qwen/Qwen3-8B-Base
https://huggingface.co/Qwen/Qwen3-8B
https://huggingface.co/Qwen/Qwen3-14B-Base
https://huggingface.co/Qwen/Qwen3-14B
https://huggingface.co/Qwen/Qwen3-32B
https://huggingface.co/meta-llama/Llama-3.1-8B
https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
https://huggingface.co/meta-llama/Llama-3.1-70B
https://huggingface.co/meta-llama/Llama-3.1-70B-Instruct
https://huggingface.co/meta-llama/Llama-3.2-1B
https://huggingface.co/meta-llama/Llama-3.2-1B-Instruct
https://huggingface.co/meta-llama/Llama-3.2-3B
https://huggingface.co/meta-llama/Llama-3.2-3B-Instruct
https://huggingface.co/mistralai/Mistral-7B-v0.3
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
https://huggingface.co/mistralai/Mistral-Nemo-Base-2407
https://huggingface.co/mistralai/Mistral-Nemo-Instruct-2407
https://huggingface.co/mistralai/Mistral-Small-24B-Base-2501
https://huggingface.co/mistralai/Mistral-Small-24B-Instruct-2501

cosine learning-rate scheduling, and bfloat16 preci-
sion. All training is conducted on 8 AMD MI250
GPUs, each with 64 GB of memory.

H Evaluation Results

This section presents our comprehensive evaluation
results. We report accuracy(acc) for KMMLU(Son
et al., 2025) under the symbol-based evaluation,
acc for BoolQUang et al., 2022) and Wino-
grande(Sakaguchi et al., 2021) under the cloze-
based evaluation, and length-normalized accuracy
(acc_norm) for ARC(Clark et al., 2018) and Hel-
laSwag(Zellers et al., 2019) under the cloze-based
evaluation, following the default settings of the
LM Evaluation Harness(Sutawika et al., 2025).
For API-based models such as GPT and Claude,
we report only symbol-based performance mea-
sured by exact_match, since these models provide
only final textual outputs and do not expose token-
level likelihoods. All evaluations is conducted on 8
AMD MI250 GPUs, each with 64 GB of memory.

Table 15 presents the evaluation results on
KMMLU using the methodology introduced in Sec-
tion 3.3, comparing questions containing negation
with their affirmative counterparts. In addition, it
reports performance on KoBest BoolQ and the cor-
responding results obtained when the questions are
transformed into their negated forms. Table 16 re-
ports the zero-shot and few-shot performance on
Thunder-KoNUBench. Tables 17 and 18 present
model performance after fine-tuning with a focus
on the cloze format. Tables 19 and 20 report model
performance across diverse tasks after fine-tuning
targeting the symbol format.

I Error Analysis

This section presents detailed error analysis results.
Table 21 reports the results for the Qwen3 (Yang
et al., 2025) and Llama (Grattafiori et al., 2024)
model families. Table 22 presents the results for
the Mistral (Jiang et al., 2023), GPT-4.1 (Achiam
et al., 2023), and Claude-Opus 4.5 (ANTHROPIC,
2025) families. Table 23 provides the error analysis
results for all Korean models.
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KMMLU BoolQ

Model Negative Affirmative Original Negated
Midm-2.0-Mini-Instruct (2.3B) 63.1 63.5 87.3 68.2
Midm-2.0-Base-Instruct (11.5B) 61.7 73.8 92.1 77.3
EXAONE-4.0-1.2B 51.0 50.1 51.4 48.4
EXAONE-4.0-32B 75.4 74.2 81.1 52.8
EXAONE-Deep-2.4B 47.8 53.6 51.0 48.2
EXAONE-Deep-7.8B 48.6 56.3 69.6 48.9
EXAONE-Deep-32B 56.6 65.9 85.4 68.2
kanana-1.5-2.1b-base 57.4 64.0 54.8 48.5
kanana-1.5-2.1b-instruct-2505 64.5 66.8 66.4 51.5
kanana-1.5-8b-base 66.3 66.5 63.7 51.2
kanana-1.5-8b-instruct-2505 66.5 69.9 80.3 56.9
Hyper CLOVAX-SEED-Text-Instruct-0.5B 59.9 60.8 53.5 48.1
HyperCLOVAX-SEED-Text-Instruct-1.5B 61.9 63.5 69.3 51.0
HyperCLOVAX-SEED-Think-14B 75.7 74.8 87.0 66.6
A.X-4.0-Light (7.2B) 76.2 76.8 93.0 74.9
A.X-4.0 (72B) 87.7 86.5 94.7 77.6
SOLAR-10.7B-v1.0 54.0 58.2 50.6 48.1
SOLAR-10.7B-Instruct-v1.0 60.4 62.7 86.0 67.7
Qwen3-0.6B-Base 56.9 54.2 52.1 49.2
Qwen3-0.6B 50.0 52.2 50.4 48.1
Qwen3-1.7B-Base 54.9 62.0 61.7 48.7
Qwen3-1.7B 57.2 60.8 51.9 48.6
Qwen3-4B-Base 70.2 69.1 63.7 48.9
Qwen3-4B 59.5 65.9 53.6 48.1
Qwen3-8B-Base 73.6 72.7 57.2 48.0
Qwen3-8B 68.8 70.8 61.2 48.9
Qwen3-14B-Base 76.3 69.0 67.7 50.8
Qwen3-14B 75.5 70.2 64.0 54.1
Qwen3-32B 79.5 77.7 58.8 47.6
Llama-3.2-1B 51.2 49.7 49.4 49.8
Llama-3.2-1B-Instruct 50.6 524 50.4 48.1
Llama-3.2-3B 56.7 54.2 54.2 474
Llama-3.2-3B-Instruct 59.5 57.7 51.5 47.9
Llama-3.1-8B 60.3 60.9 53.0 48.2
Llama-3.1-8B-Instruct 56.3 57.7 54.1 48.1
Llama-3.1-70B 70.8 70.4 67.7 49.6
Llama-3.1-70B-Instruct 75.0 74.7 89.7 63.5
Mistral-7B-v0.3 52.4 56.3 58.0 48.1
Mistral-7B-Instruct-v0.3 58.3 59.1 771 56.0
Mistral-Nemo-Base-2407 (12B) 54.6 65.3 66.5 46.9
Mistral-Nemo-Instruct-2407 (12B) 62.2 63.1 76.1 47.6
Mistral-Small-24B-Base-2501 66.8 71.9 87.7 53.8
Mistral-Small-24B-Instruct-2501 69.9 72.3 92.7 58.1

Table 15: Model Performance on KMMLU and BoolQ with and without negation. Bold values indicate the higher
performance between the negated and affirmative (or original) versions for each model.
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Oshot 1shot 2shot 5shot 10shot
Model cloze symbol cloze symbol cloze symbol cloze symbol cloze symbol

Midm-2.0-Mini-Instruct 604 554 700 650 772 692 840 687 872 709

(2.3B)
Midm-2.0-Base-Instruct 61 596 759 722 816 748 867 807 896 830
(11.5B)

EXAONE-4.0-1.2B 322 265 441 292 491 416 602 437 658 443
EXAONE-4.0-32B 519 815 656 869 720 880 804 910 831 921
EXAONE-Deep-2.4B 432 403 576 426 644 434 T34 468 198 467
EXAONE-Deep-7.8B 593 437 649 573 696 682 764 754  80.1 773
EXAONE-Deep-32B 601 717 695 755 727 766 787 811 824 842
kanana-1.5-2.1b-base 501 452 650 440 721 470 803 463 854 495
kanana-1.5-2.1b- 646 575 783 608 821 619 877 582 903 573
instruct-2505

kanana-1.5-8b-base 458 436 600 620 703 621 788 677 8.7 718

kanana-1.5-8b-
instruct-2505

HyperCLOVAX-SEED-
Text-Instruct-0.5B
HyperCLOVAX-SEED-
Text-Instruct-1.5B
HyperCLOVAX-SEED-

559 56.8 70.6 67.5 71.5 74.4 87.0 81.1 89.4 824

38.0 52.7 46.6 37.0 52.0 419 61.1 25.6 54.7 45.8

385 46.7 53.8 46.4 60.2 52.6 68.7 53.9 74.1 54.0

47.5 78.1 70.1 88.1 77.1 89.9 83.3 92.0 86.4 92.1

Think-14B
A.X-4.0-Light (7.2B) 71.3 85.0 72.1 86.1 71.5 88.3 84.9 88.4 86.8 93.3
A.X-4.0 (72B) 76.3 95.8 84.4 95.1 87.9 95.1 90.6 91.1 90.3 95.9
SOLAR-10.7B-v1.0 422 42.1 58.8 56.7 65.8 58.0 74.6 62.1 80.3 62.6
fOLAR'IMB' 64.8 54.8 77.4 61.2 81.0 63.6 85.0 67.0 86.4 68.1
nstruct-v1.0
Qwen3-0.6B-Base 414 51.6 60.7 49.6 65.8 53.0 73.2 53.8 77.6 58.4
Qwen3-0.6B 39.1 64.6 48.8 49.7 51.1 47.6 56.4 54.1 61.7 56.2
Qwen3-1.7B-Base 64.9 64.7 73.7 72.8 78.9 79.7 86.5 81.9 88.8 84.1
Qwen3-1.7B 54.8 76.1 61.3 78.7 67.3 82.7 77.3 86.2 82.7 84.5
Qwen3-4B-Base 67.8 82.2 76.3 85.5 80.4 87.1 87.2 90.0 89.5 91.2
Qwen3-4B 47.7 80.5 63.6 85.7 69.7 87.4 78.5 89.3 82.7 89.8
Qwen3-8B-Base 60.5 85.5 72.8 88.8 79.7 90.3 87.5 92.5 90.5 92.9
Qwen3-8B 477 74.8 64.1 83.0 70.6 86.0 81.6 89.3 85.5 92.0
Qwen3-14B-Base 65.8 88.6 76.9 90.9 80.3 92.2 86.3 93.4 89.5 94.1
Qwen3-14B 479 90.6 66.3 92.5 73.6 92.5 83.1 93.0 86.9 94.0
Qwen3-32B 57.6 94.2 75.2 94.5 82.5 94.8 88.8 95.8 89.8 96.9
Llama-3.2-1B 38.4 26.2 47.7 24.0 52.5 24.9 61.7 253 69.2 26.2
Llama-3.2-1B-Instruct 37.2 33.6 46.6 29.3 51.7 34.8 61.2 349 67.5 334
Llama-3.2-3B 45.2 52.0 58.7 50.6 64.0 58.3 74.0 62.7 78.3 64.5
Llama-3.2-3B-Instruct 41.1 61.8 46.5 60.8 51.2 64.4 64.7 69.0 73.5 69.7
Llama-3.1-8B 40.4 53.6 54.7 64.3 63.2 70.7 74.9 74.7 81.3 77.6
Llama-3.1-8B-Instruct 37.4 57.2 52.8 66.8 61.9 68.0 74.1 71.3 80.5 72.4
Llama-3.1-70B 57.5 76.6 70.8 85.2 75.8 88.3 83.0 91.0 87.8 92.4
Llama-3.1-70B-Instruct 50.1 81.0 69.5 86.9 76.4 88.9 85.5 92.3 89.6 93.0
Mistral-7B-v0.3 51.5 46.9 65.2 55.6 72.1 67.3 79.3 77.6 82.9 715
Mistral-7B-Instruct-v0.3 65.8 73.0 76.5 71.9 80.0 69.9 84.7 67.7 86.3 65.3
Mistral-Nemo-
Base-2407 (12B) 49.7 51.2 69.9 69.9 79.5 76.2 87.0 76.6 90.7 74.8
Mistral-Nemo-
Instruct-2407 (12B) 55.6 65.1 73.2 75.1 80.0 78.3 87.1 82.4 90.7 81.6
Mistral-Small-24B-
Base-2501 61.3 71.6 75.1 83.9 82.3 89.3 87.7 94.8 90.3 95.2
Mistral-Small-24B-
Instruct-2501 60.4 81.9 77.2 87.7 84.1 91.8 90.1 95.8 91.5 96.1
claude-haiku-4-5-20251001 - 92.8 - 94.0 - 95.4 - 96.2 - 96.6
claude-sonnet-4-5-20250929 - 98.1 - 98.6 - 98.4 - 97.6 - 97.0
gpt-4.1-mini - 83.6 - 88.1 - 88.1 - 90.8 - 92.4
gpt-4.1 - 92.2 - 92.8 - 93.8 - 94.5 - 95.0

Table 16: Model Performance on zero-shot, few-shot setting on Thunder-KoNUBench. Few-shot results are averaged
over 3 random seeds (1234, 308, 1028). Red text indicates the model with highest performance in each setting.
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Thunder-KoNUBench KMMLU BoolQ

Model cloze symbol negative  affirmative original negated

Midm-2.0-Base-Instruct 84.7 (+18.6) 66.7(+7.1) 61.7(+0.0) 73.5(-0.3) 92.0 (-0.1)  77.6 (+0.3)
Midm-2.0-Mini-Instruct 91.0 (+30.6) 669 (+11.5) 643 (+1.2) 645(+1.0) 853(-2.0) 59.0(-9.2)
EXAONE-4.0-1.2B 67.4 (+35.2) 31.7(+5.2) 509(-0.1) 499(-0.2) 56.8(+54) 49.2(+0.8)
EXAONE-Deep-2.4B 67.8 (+24.6) 49.8(+9.5) 482(+04) 53.4(-0.2) 509 (-0.1)  48.1(-0.1)
EXAONE-Deep-7.8B 81.7 (+22.4) 602 (+16.5) 49.3(+0.7) 562(-0.1)  71.7(+2.1) 509 (+2.0)
kanana-1.5-2.1b-base 92.7 (+42.6) 62.2(+17.0) 56.8(-0.6) 62.7(-1.3)  63.0(+8.2) 49.8 (+1.3)
kanana-1.5-2.1b-instruct-2505 92.1 (+27.5) 67.5(+10.0) 65.0(+0.5) 669 (+0.1) 71.2(+4.8) 54.6 (+3.1)
kanana-1.5-8b-base 94.1 (+48.3) 603 (+16.7) 62.0(-43) 62.0(-4.5) 692 (+5.5) 51.7(+0.5)
kanana-1.5-8b-instruct-2505 91.4 (+35.5) 685 (+11.7) 67.2(+0.7) 70.2(+0.3) 83.6(+3.3) 61.2(+4.3)

HyperCLOVAX-SEED-Text-Instruct-0.5B  69.2 (+31.2)  60.3 (+7.6) 61.0(+1.1) 61.2(+0.4) 563 (+2.8) 48.3(+0.2)
HyperCLOVAX-SEED-Text-Instruct-1.5B  70.5 (+32.0)  49.6 (+2.9) 62.0(+0.1) 63.4(-0.1) 70.6 (+1.3)  50.9 (-0.1)

HyperCLOVAX-SEED-Think-14B 86.4 (+38.9) 86.4(+8.3) 759 (+0.2) 75.0(+0.2) 87.6(+0.6) 67.4(+0.8)
A.X-4.0-Light (7.2B) 85.1 (+13.8) 88.9(+3.9) 76.3(+0.1) 76.6(-0.2) 929 (-0.1)  74.9 (+0.0)
SOLAR-10.7B-v1.0 97.6 (+55.4) 79.3 (+37.2) 549 (+0.9) 584 (+0.2) 583 (+7.7) 50.6 (+2.5)
SOLAR-10.7B-Instruct-v1.0 97.2 (+32.4) 745(+19.7) 62.0(+1.6) 62.5(-0.2) 88.1 (+2.1)  75.0 (+7.3)
Qwen3-0.6B-Base 78.0 (+36.6)  59.0 (+7.4) 57.5(+0.6) 54.0(-0.2) 52.6 (+0.5) 51.3 (+2.1)
Qwen3-0.6B 73.7 (+34.6) 65.5(+0.9) 50.1 (+0.1) 52.0(-0.2) 50.4 (+0.0)  48.0(-0.1)
Qwen3-1.7B-Base 86.0 (+21.1)  66.0 (+1.3) 55.8(+0.9) 62.2(+0.2) 63.9 (+2.2) 48.8(+0.1)
Qwen3-1.7B 74.8 (+20.0) 782 (+2.1) 57.8(+0.6)  60.7 (-0.1) 51.9 (+0.0)  48.4(-0.2)
Qwen3-4B-Base 89.3 (+21.5)  87.2(+5.0) 70.5(+0.3) 68.9(-0.2) 68.8 (+5.1)  50.8 (+1.9)
Qwen3-4B 79.4 (+31.7) 869 (+6.4) 61.2(+1.7) 66.1 (+0.2) 52.8 (-0.8) 47.9 (-0.2)
Qwen3-8B-Base 89.9 (+29.4) 91.2(+5.7) 74.0(+04) 72.6(-0.1) 58.5(+1.3)  47.8(-0.2)
Qwen3-8B 87.3(+39.6) 87.1 (+12.3) 69.5(+0.7) 70.8(+0.0) 62.7 (+1.5) 48.9 (+0.0)
Qwen3-14B-Base 89.9 (+24.1) 93.1(+4.5) 76.2(-0.1) 69.4(+0.4) 709 (+3.2) 51.4(+0.6)
Qwen3-14B 86.2 (+38.3)  92.9 (+2.3)  75.5(+0.0)  70.1 (-0.1) 72.0 (+8.0)  56.6 (+2.5)
Llama-3.2-1B 71.7 (+33.3)  26.1 (-0.1) 51.0(-0.2) 50.0 (+0.3) 51.1(+1.7) 48.8(-1.0)
Llama-3.2-1B-Instruct 68.7 (+31.5)  36.8 (+3.2) 51.0(+0.4) 52.2(-0.2) 50.4 (+0.0)  48.0(-0.1)
Llama-3.2-3B 85.7 (+40.5)  58.5(+6.5) 57.0(+0.3) 54.1(-0.1) 58.6 (+4.4)  48.0 (+0.6)
Llama-3.2-3B-Instruct 81.9 (+40.8) 67.0(+5.2) 59.4(-0.1) 58.1(+0.4) 54.0(+2.5) 483 (+0.4)
Llama-3.1-8B 91.8 (+51.4) 704 (+16.8) 60.8 (+0.5) 61.1(+0.2) 59.3 (+6.3) 48.8 (+0.6)
Llama-3.1-8B-Instruct 90.1 (+52.7) 73.7(+16.5) 58.4 (+2.1) 594 (+1.7) 653 (+11.2) 479 (-0.2)
Mistral-7B-v0.3 97.4 (+45.9) 80.1 (+33.2) 52.5(+0.1) 55.5(-0.8) 65.5(+7.5) 523 (+4.2)
Mistral-7B-Instruct-v0.3 97.0 (+31.2) 914 (+184) 58.2(-0.1) 579(-1.2) 79.5 (+2.4)  65.5 (+9.5)
Mistral-Nemo-Base-2407 (12B) 954 (+45.7) 69.7 (+18.5) 56.7 (+2.1) 659 (+0.6) 71.3(+4.8) 46.4(-0.5)
Mistral-Nemo-Instruct-2407 (12B) 93.8 (+38.2) 81.2(+16.1) 63.0(+0.8) 63.7(+0.6) 79.3(+3.2) 46.7 (-0.9)
Mean A over Baseline 34.2 10.5 0.4 -0.1 3.0 0.9

Table 17: Model performance on Thunder-KoNUBench, KMMLU, and KoBest BoolQ after fine-tuning targeting
the cloze format. Values in parentheses indicate the performance gain relative to the baseline results.
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ARC Hellaswag Winogrande

Model easy challenge

Midm-2.0-Mini-Instruct (2.3B) 79.3 (+0.8) 50.2(-0.2)  70.3 (+0.1) 66.7 (-0.1)
Midm-2.0-Base-Instruct (11.5B) 84.6 (+0.1) 62.6 (+1.1) 80.5 (+0.1) 73.6 (+0.2)
EXAONE-4.0-1.2B 33.2 (+0.2) 23.7(-1.0) 322 (+1.1) 49.3 (-0.8)
EXAONE-Deep-2.4B 56.9 (+2.6) 38.2(-0.2) 55.8 (+0.6) 54.0 (-0.7)
EXAONE-Deep-7.8B 669 (+1.9) 452 (+1.4) 64.3(+0.7) 57.5 (-0.3)
kanana-1.5-2.1b-base 769 (-1.4)  50.0(-0.6) 66.1 (+0.1) 65.6 (+1.7)
kanana-1.5-2.1b-instruct-2505 76.2 (+2.3) 51.0(+0.9) 67.1 (+0.2) 62.7 (-0.3)
kanana-1.5-8b-base 823 (+1.0) 551(+1.0) 77.5(+0.1) 72.6 (-0.4)
kanana-1.5-8b-instruct-2505 347 (+0.6) 29.9 (+0.0) 78.8 (+0.1) 72.5 (+0.7)

HyperCLOVAX-SEED-Text-Instruct-0.5B  65.2 (-0.2) 37.5(+0.2) 52.1(-0.1) 54.9 (+0.3)
HyperCLOVAX-SEED-Text-Instruct-1.5B  66.2 (+0.1) 44.3 (+0.4) 60.9 (+0.0) 57.1 (-0.3)

HyperCLOVAX-SEED-Think-14B 75.4 (+0.5) 54.7 (+0.0) 79.4 (+0.0) 71.2 (+0.0)
A.X-4.0-Light (7.2B) 75.3(+0.8) 56.2 (+0.3) 77.2(+0.1) 71.3 (+0.2)
SOLAR-10.7B-v1.0 77.6 (-0.4) 542 (-1.3) 83.3(+0.2) 74.8 (+0.1)
SOLAR-10.7B-Instruct-v1.0 81.4(+0.3) 61.7(-0.5) 86.5(-0.1) 77.0 (+1.9)
Qwen3-0.6B-Base 59.9 (+2.0) 379(-0.1) 53.6(+0.0) 58.8 (-0.3)
Qwen3-0.6B 31.9 (+0.5) 27.8(-04) 47.1(-0.1) 55.6 (-0.1)
Qwen3-1.7B-Base 70.2 (+1.9) 45.6 (+0.7) 66.5 (+0.0) 64.8 (+0.4)
Qwen3-1.7B 69.4(-0.3) 41.6(-1.2) 60.6 (+0.2) 61.2 (-0.5)
Qwen3-4B-Base 772 (+1.4) 524 (+0.9) 73.6(-0.1) 70.9 (+0.4)
Qwen3-4B 789 (+0.4) 54.0 (+0.3) 68.6(+0.2) 66.5 (+0.6)
Qwen3-8B-Base 80.4 (+0.1) 57.3(+0.6) 78.7 (+0.1) 72.4 (-0.3)
Qwen3-8B 80.9 (+0.0) 56.0(-0.3) 75.1(+0.2) 68.0 (+0.4)
Qwen3-14B-Base 82.0(+0.0) 59.1 (+0.1) 81.4(+0.0) 73.8 (-0.2)
Qwen3-14B 83.2(+0.4) 609 (+0.7) 78.9 (+0.0) 73.2 (+0.2)
Llama-3.2-1B 61.5(-0.3) 37.4(+0.3) 64.3(+0.2) 60.7 (+0.0)
Llama-3.2-1B-Instruct 63.7(-0.1) 38.1(+0.4) 61.6(+0.0) 62.0 (+0.7)
Llama-3.2-3B 722 (+0.4) 46.5(+0.3) 74.1 (+0.0) 69.6 (-0.1)
Llama-3.2-3B-Instruct 71.5(+0.4) 46.4 (+0.2) 71.8(+0.2) 69.2 (+0.4)
Llama-3.1-8B 82.4(-0.2) 555(+0.7) 79.3 (+0.0) 73.3 (-1.1)
Llama-3.1-8B-Instruct 78.0(+0.8) 548 (+0.6) 79.6 (-0.1) 74.2 (+0.1)
Mistral-7B-v0.3 80.0 (-0.1) 54.3(-0.1) 80.7 (+0.1) 73.8 (-0.2)
Mistral-7B-Instruct-v(.3 81.2(-0.6) 60.1(-0.1) 83.2(-0.1) 76.1 (+1.3)
Mistral-Nemo-Base-2407 (12B) 83.8 (+0.3) 60.2(+0.6) 829 (-0.1) 76.8 (-0.1)
Mistral-Nemo-Instruct-2407 (12B) 80.9 (+0.3) 59.4(-0.2) 82.4 (+0.0) 76.9 (+0.0)
Mean A over Baseline 0.5 0.2 0.1 0.1

Table 18: Model performance on ARC, Hellaswag, and Winogrande after fine-tuning targeting the cloze format.
Values in parentheses indicate the performance gain relative to the baseline results.
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Thunder-KoNUBench KMMLU BoolQ

Model cloze symbol negative  affirmative original negated

Midm-2.0-Mini-Instruct (2.3B) 70.0 (+9.6)  92.6 (+37.2) 66.0(+2.9) 652 (+1.7) 87.7(+04) 67.2(-1.0)
Midm-2.0-Base-Instruct (11.5B) 67.1 (+1.0)  79.6 (+20.0) 61.7(+0.0) 73.7(-0.1) 922 (+0.1)  77.3 (+0.0)
EXAONE-4.0-1.2B 340 (+1.8)  85.0(+58.5) 51.5(+0.5) 50.3(+0.2) 51.4(+0.0) 48.1(-0.3)
EXAONE-Deep-2.4B 445 (+1.3)  60.2(+19.9) 48.6(+0.8) 53.6(+0.0) 50.6(-04)  48.1(-0.1)
EXAONE-Deep-7.8B 64.4 (+5.1)  93.2(+49.5) 48.8(+0.2) 564 (+0.1) 71.9(+2.3) 499 (+1.0)
kanana-1.5-2.1b-base 64.3 (+14.2) 92.6 (+474) 598 (+24) 629(-1.1) 599 (+5.1) 49.3 (+0.8)
kanana-1.5-2.1b-instruct-2505 772 (+12.6) 97.8(+40.3) 65.5(+1.0) 66.7(-0.1) 67.7(+1.3) 52.7(+1.2)
kanana-1.5-8b-base 69.0 (+23.2) 97.4 (+53.8) 68.6(+2.3) 68.5(+2.0) 66.1 (+2.4) 51.6 (+0.4)
kanana-1.5-8b-instruct-2505 74.1 (+18.2) 97.4 (+40.6) 68.1 (+1.6) 69.3 (-0.6) 79.8 (-0.5)  56.3 (-0.6)

HyperCLOVAX-SEED-Text-Instruct-0.5B 383 (+0.3)  89.5(+36.8) 62.6(+2.7) 612(+04) 54.6(+1.1) 47.8(-0.3)
HyperCLOVAX-SEED-Text-Instruct-1.5B  40.5 (+2.0)  87.0 (+40.3) 62.8(+0.9) 63.6(+0.1) 703 (+1.0) 51.0(+0.0)

HyperCLOVAX-SEED-Think-14B 54.5(+7.0) 98.0 (+19.9) 75.7(+0.0) 74.6 (-0.2) 87.0 (+0.0)  66.7 (+0.1)
A.X-4.0-Light (7.2B) 73.7 (+2.4) 953 (+10.3) 76.6(+0.4) 76.5(-0.3) 93.1 (+0.1)  74.4(-0.5)
SOLAR-10.7B-v1.0 52.5(+10.3)  99.5(+57.4) 53.2(-0.8) 55.2(-3.0) 53.7 (+3.1)  48.6 (+0.5)
SOLAR-10.7B-Instruct-v1.0 77.5(+12.7) 98.8 (+44.0) 61.1(+0.7) 61.5(-1.2) 80.7 (-5.3) 63.1 (-4.6)
Qwen3-0.6B-Base 458 (+4.4) 854 (+33.8) 574 (+0.5) 54.4(+0.2) 52.6(+0.5) 49.2 (+0.0)
Qwen3-0.6B 39.6 (+0.5)  90.3 (+25.7) 50.1 (+0.1)  52.5 (+0.3) 50.2(-0.2)  48.1(+0.0)
Qwen3-1.7B-Base 69.0 (+4.1)  87.5(+22.8) 54.2(-0.7) 61.8(-0.2) 64.7 (+3.0)  48.6 (-0.1)
Qwen3-1.7B 55.7(+0.9) 89.3(+13.2) 57.1(-0.1) 59.9(-0.9) 51.0 (-0.9) 48.1 (-0.5)
Qwen3-4B-Base 729 (+5.1)  96.2 (+14.0) 70.2 (+0.0) 68.9 (-0.2) 70.0 (+6.3)  51.0 (+2.1)
Qwen3-4B 477 (+0.0)  93.5(+13.0) 57.2(-2.3) 64.6(-1.3) 53.1 (-0.5) 47.9 (-0.2)
Qwen3-8B-Base 68.1 (+7.6) 95.6 (+10.1) 73.6 (+0.0) 72.3(-0.4) 62.3 (+5.1)  48.6 (+0.6)
Qwen3-8B 52.7(+5.0) 92.8(+18.0) 67.1(-1.7)  70.1(-0.7) 60.5 (-0.7) 48.6 (-0.3)
Qwen3-14B-Base 77.1 (+11.3)  95.1(+6.5) 76.1(-0.2) 704 (+1.4) 73.4(+5.7) 51.6(+0.8)
Qwen3-14B 51.6 (+3.7) 94.2 (+3.6)  75.6 (+0.1) 70.8 (+0.6) 642 (+0.2)  54.0(-0.1)
Llama-3.2-1B 38.6 (+0.2) 28.4(+2.2) 50.2(-1.0) 50.2 (+0.5) 49.2 (-0.2) 48.6 (-1.2)
Llama-3.2-1B-Instruct 37.3(+0.1) 80.5(+46.9) 50.2(-0.4) 51.9(-0.5) 50.4 (+0.0)  48.0(-0.1)
Llama-3.2-3B 454 (+0.2)  68.1 (+16.1) 57.3(+0.6) 552 (+1.0) 553 (+1.1) 47.6(+0.2)
Llama-3.2-3B-Instruct 494 (+8.3)  93.8(+32.0) 59.3(-0.2) 57.8(+0.1) 51.6(+0.1) 48.2(+0.3)
Llama-3.1-8B 46.5 (+6.1) 952 (+41.6) 61.2(+0.9) 61.5(+0.6) 544 (+1.4) 48.4(+0.2)
Llama-3.1-8B-Instruct 50.5 (+13.1) 97.1 (+39.9) 61.4(+5.1) 60.5(+2.8) 64.2(+10.1) 48.8(+0.7)
Mistral-7B-v0.3 579 (+6.4) 99.4 (+52.5) 54.1(+1.7) 556(-0.7) 733 (+153) 53.4(+5.3)
Mistral-7B-Instruct-v0.3 69.2 (+3.4) 99.7 (+26.7) 58.7(+0.4) 59.1 (+0.0) 79.6 (+2.5) 62.0 (+6.0)
Mistral-Nemo-Base-2407 (12B) 60.0 (+10.3) 97.4 (+46.2) 57.2(+2.6) 654(+0.1) 71.2(+4.7) 46.4(-0.5)
Mistral-Nemo-Instruct-2407 (12B) 67.2 (+11.6) 98.6 (+33.5) 64.2(+2.0) 654 (+2.3) 75.1(-1.0)  47.8 (+0.2)
Mean A over Baseline 6.4 30.7 0.7 0.1 1.8 0.3

Table 19: Model performance on Thunder-KoNUBench, KMMLU, and KoBest BoolQ after fine-tuning targeting
the symbol format. Values in parentheses indicate the performance gain relative to the baseline results.
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ARC Hellaswag Winogrande

Model easy challenge

Midm-2.0-Mini-Instruct (2.3B) 79.4 (+0.9) 50.8(+0.4) 70.3 (+0.1) 67.1 (+0.3)
Midm-2.0-Base-Instruct (11.5B) 84.9 (+0.4) 61.8(+0.3) 80.4 (+0.0) 73.8 (+0.4)
EXAONE-4.0-1.2B 33.2 (+0.2) 24.8(+0.1) 32.1(+1.0) 49.3 (-0.8)
EXAONE-Deep-2.4B 56.3 (+2.0) 37.5(-09) 557 (+0.5) 54.5 (-0.2)
EXAONE-Deep-7.8B 65.2 (+0.2) 44.8(+1.0) 63.6(+0.0) 57.3 (-0.5)
kanana-1.5-2.1b-base 78.5(+0.2) 51.0(+0.4) 66.0 (+0.0) 64.6 (+0.7)
kanana-1.5-2.1b-instruct-2505 74.7 (+0.8) 499 (-0.2) 66.7 (-0.2) 62.5 (-0.5)
kanana-1.5-8b-base 82.6 (+1.3) 56.6(+2.5) 77.3(0.1) 72.6 (-0.4)
kanana-1.5-8b-instruct-2505 342 (+0.1) 29.9(+0.0) 78.8 (+0.1) 71.6 (-0.2)

HyperCLOVAX-SEED-Text-Instruct-0.5SB 652 (-0.2) 38.1 (+0.8) 52.3(+0.1)  55.2 (+0.6)
HyperCLOVAX-SEED-Text-Instruct-1.5B  66.1 (+0.0) 44.1 (+0.2) 60.7 (-0.2) 56.9 (-0.5)

HyperCLOVAX-SEED-Think-14B 752 (+0.3) 54.2(-0.5) 79.4 (+0.0) 71.5 (+0.3)
A.X-4.0-Light (7.2B) 75.0(+0.5) 56.2(+0.3) 77.2(+0.1) 71.6 (+0.5)
SOLAR-10.7B-v1.0 79.0 (+1.0) 559 (+0.4) 83.2(+0.1) 75.5 (+0.8)
SOLAR-10.7B-Instruct-v1.0 80.5(-0.6) 61.7(-0.5) 86.8(+0.2) 76.2 (+1.1)
Qwen3-0.6B-Base 61.0 (+3.1) 38.5(+0.5) 53.7(+0.1) 58.1 (-1.0)
Qwen3-0.6B 31.6 (+0.2) 28.0(-0.2) 47.3 (+0.1) 56.0 (+0.3)
Qwen3-1.7B-Base 70.2 (+1.9) 455 (+0.6) 66.6 (+0.1) 64.8 (+0.4)
Qwen3-1.7B 69.3(-0.4) 43.0(+0.2) 60.2 (-0.2) 61.6 (-0.1)
Qwen3-4B-Base 777 (+1.9) 53.1 (+1.6) 73.7 (+0.0) 70.6 (+0.1)
Qwen3-4B 769 (-1.6) 523 (-1.4) 68.4(+0.0) 66.0 (+0.1)
Qwen3-8B-Base 81.1 (+0.8) 57.8(+1.1) 78.7 (+0.1) 72.4 (-0.3)
Qwen3-8B 80.3(-0.6) 56.1(-0.2) 74.9 (+0.0) 68.1 (+0.5)
Qwen3-14B-Base 82.6 (+0.6) 59.6 (+0.6) 81.4(+0.0) 74.1 (+0.1)
Qwen3-14B 83.1 (+0.3) 609 (+0.7) 78.8 (-0.1) 73.3 (+0.3)
Llama-3.2-1B 619 (+0.1) 36.8(-0.3) 64.2(+0.1) 60.8 (+0.1)
Llama-3.2-1B-Instruct 63.2(-0.6) 37.5(-0.2) 61.3(0.3) 61.4 (+0.1)
Llama-3.2-3B 72.0 (+0.2) 46.3 (+0.1) 74.2 (+0.1) 69.2 (-0.5)
Llama-3.2-3B-Instruct 71.3 (+0.2) 46.2 (+0.0) 71.6 (+0.0) 68.6 (-0.2)
Llama-3.1-8B 82.3(-0.3) 553 (+0.5) 79.3(+0.0) 74.4 (+0.0)
Llama-3.1-8B-Instruct 77.3(+0.1) 54.1(-0.1) 79.5(-0.2) 74.3 (+0.2)
Mistral-7B-v0.3 80.5(+0.4) 549 (+0.5) 80.7 (+0.1) 74.4 (+0.4)
Mistral-7B-Instruct-v(.3 81.1(-0.7) 59.8(-0.4) 83.4(+0.1) 74.8 (+0.0)
Mistral-Nemo-Base-2407 (12B) 83.6 (+0.1) 60.0 (+0.4) 83.0 (+0.0) 76.5 (-0.4)
Mistral-Nemo-Instruct-2407 (12B) 80.6 (+0.0) 59.6 (+0.0) 82.5 (+0.1) 76.6 (-0.3)
Mean A over Baseline 04 0.2 0.0 0.0

Table 20: Model performance on ARC, Hellaswag, and Winogrande after fine-tuning targeting the symbol format.
Values in parentheses indicate the performance gain relative to the baseline results.

6515



evaluation

model name performance incorrect choice distribution
method
\ local negation(%) contradiction(%) paraphrase(%)
Qwen3-0.6B-Base cloze 38.94 \ 95.15 3.32 1.53
symbol 51.56 \ 61.09 12.38 26.53
Qwen3-0.6B cloze 36.92 \ 94.94 3.58 1.48
symbol 64.56 ‘ 75.16 7.25 17.58
Qwen3-1.7B-Base cloze 60.28 94.31 4.51 1.18
symbol 64.64 | 66.30 7.71 25.99
Qwen3-1.7B cloze 51.79 \ 93.05 5.17 1.78
symbol 76.01 | 71.75 7.14 21.10
Qwen3-4B-Base cloze 64.88 \ 93.35 4.66 2.00
symbol 82.17 | 82.53 12.66 4.80
Qwen3-4B cloze 45.56 \ 95.14 3.58 1.29
symbol 80.45 | 86.85 7.57 5.58
Qwen3-8B-Base cloze 56.31 \ 94.83 3.74 1.43
symbol 85.44 | 85.56 8.02 6.42
Qwen3-SB cloze 46.11 \ 93.64 4.48 1.88
symbol 74.77 \ 86.73 7.72 5.56
Qwen3-14B-Base cloze 62.31 \ 94.21 4.13 1.65
symbol 88.55 \ 74.83 18.37 6.80
Qwen3-14B cloze 46.18 \ 94.21 4.34 1.45
symbol 90.50 \ 77.05 18.03 4.92
Qwen3-32B cloze 54.21 \ 94.56 391 1.53
symbol 94.16 \ 89.33 6.67 4.00
Llama-3.2-1B cloze 37.38 \ 93.91 4.35 1.74
symbol 26.17 \ 35.34 31.01 33.65
Llama-3.2-1B-Instruct cloze 35.59 \ 91.29 6.65 2.06
symbol 33.49 \ 38.88 18.97 42.15
Llama-3.2-3B cloze 43.46 \ 94.63 3.31 2.07
symbol 51.95 \ 74.39 11.02 14.59
Llama-3.2-3B-Instruct cloze 38.40 \ 91.66 6.07 2.28
symbol 61.68 \ 77.64 9.55 12.80
Llama-3.1-8B cloze 39.56 \ 93.17 4.51 2.32
symbol 53.66 \ 53.28 12.27 34.45
Llama-3.1-8B-Instruct cloze 35.98 \ 91.61 6.08 2.31
symbol 57.09 \ 66.24 10.34 23.41
Llama-3.1-70B cloze 53.97 \ 95.43 3.55 1.02
symbol 76.56 \ 77.41 8.97 13.62
Llama-3.1-70B-Instruct cloze 48.05 \ 94.90 4.20 0.90
symbol 80.92 \ 87.76 6.12 6.12

Table 21: Incorrect choice distributions for the Qwen3 and Llama family under zero-shot conditions.
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evaluation

model name performance incorrect choice distribution
method
\ local negation(%) contradiction(%) paraphrase(%)
Mistral-7B-v0.3 cloze 49.14 | 94.18 4.44 1.38
symbol 46.81 | 36.75 14.35 48.90
Mistral-7B-Instruct-v0.3 cloze 63.16 | 93.66 4.65 1.69
symbol 72.90 | 75.86 6.03 18.10
Mistral-Nemo-Base-2407 (12B) cloze 47.35 ‘ 93.34 >-18 1.48
symbol 51.17 | 63.32 10.85 25.84
Mistral-Nemo-Instruct-2407 (12B)  °10%€ 5257 | 92.12 391 1.97
symbol 65.03 | 92.65 4.90 2.45
Mistral-Small-24B-Base-2501 cloze 5740 | 9415 457 .28
symbol 71.50 | 63.93 23.50 12.57
Mistral-Small-24B-Instruct-2501 cloze 5693 | 96.38 3.07 0.54
symbol 81.78 | 81.62 14.53 3.85
gpt-4.1-mini symbol 83.49 | 91.98 6.60 1.42
gpt-4.1 symbol 92.13 | 97.03 1.98 0.99
claude-haiku-4-5-20251001 symbol 92.76 | 84.95 11.83 3.23
claude-sonnet-4-5-20250929 symbol 98.05 \ 72.00 28.00 0.00

Table 22: Incorrect choice distributions for the Mistral, GPT-4.1, and Claude-Opus 4.5 family under zero-shot
conditions.
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evaluation

model name performance incorrect choice distribution
method
ocal negation(% contradiction(% paraphrase(%
local ion(%) diction(%) hrase(%)
Midm-2.0-Mini-Instruct (2.3B) cloze 3600 | 88.32 9.03 265
symbol 55.30 | 58.71 12.89 28.40
Midm-2.0-Base-Instruct (11.5B) cloze 6121 | 94.38 4.42 1.20
symbol 59.50 | 50.77 30.77 18.46
EXAONE-Deep-2.4B cloze 35.75 | 89.45 7.64 291
symbol 40.19 | 50.65 13.28 36.07
EXAONE-Deep-7.8B cloze 56.00 | 93.45 5.13 1.42
symbol 43.61 | 42.40 17.40 40.19
EXAONE-Deep-32B cloze 58.33 | 93.27 4.86 1.87
symbol 71.65 | 76.92 9.34 13.74
EXAONE-4.0-1.2B cloze 28.82 | 86.21 10.28 3.50
symbol 26.48 | 36.65 31.04 32.31
EXAONE-4.0-32B cloze 50.16 | 96.41 3.12 0.47
symbol 81.46 | 90.76 5.88 3.36
Kkanana-1.5-2.1b-base cloze 47.98 | 94.31 3.59 2.10
symbol 45.09 | 42.98 12.06 44.96
kanana-1.5-2.1b-instruct-2505 cloze 61.99 | 91.80 6.35 1.84
symbol 57.40 | 63.62 10.97 25.41
Kkanana-1.5-8b-base cloze 43.54 | 96.55 2.07 1.38
symbol 43.54 | 31.31 17.52 51.17
kanana-1.5-8b-instruct-2505 cloze 33.50 ‘ 94.64 4.19 117
symbol 56.70 | 51.44 13.67 34.89
HyperCLOVAX-SEED-Text-Instruct-0.5B €107 35.02 | 93.88 3.84 2.28
symbol 52.65 | 62.17 10.86 26.97
HyperCLOVAX-SEED-Text-Instruct-1.58 0% .14 | 93.05 >.24 171
symbol 46.57 | 47.23 2347 29.30
HyperCLOVAX-SEED-Think-14B cloze 4556 | 98.00 143 057
symbol 78.04 | 70.57 14.89 14.54
AX-4.0-Light (7.2B) cloze 69.08 | 88.41 8.31 3.27
symbol 84.89 | 84.54 5.15 10.31
AX-4.0 (12B) cloze 73.83 | 91.67 5.65 2.68
symbol 95.72 | 87.27 7.27 5.45
SOLAR-10.7B-v1.0 cloze 40.50 | 93.98 4.71 1.31
symbol 41.98 | 44.83 14.23 40.94
SOLAR-10.7B-Instruct-v1.0 cloze 6129 | 92.96 503 201
symbol 54.67 | 77.84 11.68 10.48

Table 23: Incorrect choice distributions for the Korean Models (mi:dm 2.0, EXAONE, Kanana 1.5, HyperCLO-
VAX, A.X 4.0, and SOLAR model family) under zero-shot conditions.
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