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Abstract001

We introduce KoLasSimpleQA, the first bench-002
mark evaluating the multilingual factual abil-003
ity of Large Language Models (LLMs). In-004
spired by existing research, we created the ques-005
tion set with features such as single knowledge006
point coverage, absolute objectivity, unique an-007
swers, and temporal stability. These questions008
enable efficient evaluation using the LLM-as-009
judge paradigm, testing both the LLMs’ fac-010
tual memory and self-awareness (“know what011
they don’t know”). KoLasSimpleQA expands012
existing research in two key dimensions: (1)013
Breadth (Multilingual Coverage): It includes014
9 languages, supporting global applicability015
evaluation. (2) Depth (Dual Domain Design):016
It covers both the general domain (global facts)017
and the language-specific domain (such as his-018
tory, culture, and regional traditions) for a com-019
prehensive assessment of multilingual capabili-020
ties. We evaluated mainstream LLMs, includ-021
ing traditional LLM and emerging Large Rea-022
soning Models. Results show significant per-023
formance differences between the two domains,024
particularly in performance metrics, ranking,025
calibration, and robustness. This highlights026
the need for targeted evaluation and optimiza-027
tion in multilingual contexts. We hope KoLas-028
SimpleQA will help the research community029
better identify LLM capability boundaries in030
multilingual contexts and provide guidance for031
model optimization. KoLasSimpleQA datasets032
are available at https://anonymous.4open.033
science/r/KoLas_anonymous-0D6F .034

1 Introduction035

Large Language Models (Grattafiori et al., 2024;036

Yang et al., 2024; Guo et al., 2025) have ad-037

vanced significantly, yet hallucination—where038

models produce unverified or misleading informa-039

tion—remains a major challenge, affecting their040

reliability and broader use. To tackle this, the Sim-041

pleQA (Wei et al., 2024) and ChineseSimpleQA042

(He et al., 2024b) benchmarks were introduced to043

evaluate LLMs’ factual ability using short, fact- 044

based questions. These questions focus on a single 045

knowledge point, with answers that are objective, 046

stable, and not open to interpretation. 047

Recent studies (Zhang et al., 2023; Shi et al., 048

2022; Huang et al., 2023a) indicate that LLM per- 049

formance varies across languages, particularly in 050

factual ability, with models typically performing 051

better in English. However, the SimpleQA and 052

ChineseSimpleQA benchmarks are limited to En- 053

glish and Chinese. Additionally, most evaluations 054

of LLMs in non-English contexts focus on general 055

knowledge rather than language-specific content 056

like history, culture, and local traditions. While 057

LLMs excel in general knowledge, they often strug- 058

gle with language-specific facts. 059

Benchmark Lang. Lang.
specific

Easy to
evaluate

XTREME (Hu et al., 2020) 40 lang. × ×
Okapi (Lai et al., 2023) en × ×
SimpleQA (Wei et al., 2024) en ×

√

ChineseSimpleQA (He et al.,
2024b)

zh ×
√

MINTQA (He et al., 2024a) en × ×
BenchMAX (Huang et al.,
2025)

17 lang. × ×

MMLU-ProX (Xuan et al.,
2025)

29 lang. ×
√

KoLasSimpleQA(Ours) 9 lang.
√ √

Table 1: Comparison between KoLasSimpleQA and
other benchmarks. The comparison is conducted
along three dimensions: the range of supported lan-
guages, whether the benchmark includes language-
specific knowledge, and whether it is easy to evaluate.

To tackle this problem, we introduce Knowledge- 060

Oriented Language-Specific Simple Question 061

Answering (KoLasSimpleQA), a benchmark com- 062

prising simple fact-based QA samples grounded 063

in genuinely language-specific knowledge across 064

nine languages. KoLasSimpleQA has three main 065

features: (1) Foundation: Inspired by (Wei et al., 066
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Figure 1: Construction pipeline of KoLasSimpleQA. The process includes Wikipedia entry selection based on
inter-language links, triple and QA pair generation using GPT-4o, and a two-stage quality control to ensure question
quality and diversity.

2024; He et al., 2024b), we crafted a question set067

with attributes such as single knowledge point cov-068

erage, absolute objectivity, unique answers, and069

temporal stability. These questions enable efficient070

evaluation using the LLM-as-judge paradigm, as-071

sessing both the factual memory and self-awareness072

of LLMs (i.e., their ability to "know what they don’t073

know"). (2) Breadth Expansion: Unlike existing074

work (Wei et al., 2024; He et al., 2024b) that is lim-075

ited to a few languages, KoLasSimpleQA includes076

9 languages, allowing for performance evaluation077

of LLMs in multilingual contexts and supporting078

assessments of global applicability. (3) Depth Ex-079

ploration: It encompasses both the general domain080

(global facts) and the language-specific domain081

(such as history, culture, and regional traditions).082

We collected data from Wikipedia, categorizing en-083

tries into general and language-specific domains084

based on the number of inter-language links each085

article has (as shown in Figure 2; see details in086

§2.2.1). Using these classifications and filtered en-087

tries, we constructed questions for both domains,088

enabling a comprehensive and in-depth evaluation089

of LLMs in multilingual settings.090

We evaluated mainstream LLMs on KoLasSim-091

pleQA, covering both traditional LLMs and the092

latest Large Reasoning Models (LRMs). Key in-093

sights from our study include:094

(1) Performance Disparity Across Domains:095

LLMs perform much worse in the language-096

specific domain than in the general domain.097

(2) Translating Non-English Queries: Trans-098

lating queries into English is a common strategy099

to enhance multilingual performance. While ef-100

fective in the general domain, it is less so in the101

language-specific domain.102

(3) Calibration Performance: LLMs show103

significantly poorer calibration in the language-104

ar cs hu ko ru sr th vi zh total
General 162 142 169 151 92 133 209 121 127 1306
Language
Specific

117 90 127 84 57 79 99 92 96 841

Table 2: Distribution of question counts across lan-
guages in KoLasSimpleQA.

specific domain compared to the general domain. 105

(4) Knowledge Memorization Robustness: 106

LLMs are notably less robust in the language- 107

specific domain than in the general domain. 108

2 KoLasSimpleQA 109

2.1 Overview 110

We created a multilingual QA benchmark includ- 111

ing both the general and language-specific do- 112

mains. The general domain covers global knowl- 113

edge shared across languages, while the language- 114

specific subset targets knowledge unique to individ- 115

ual linguistic and cultural contexts. Our benchmark 116

includes 9 languages: Hungarian (hu), Czech (cs), 117

Serbian (sr), Russian (ru), Chinese (zh), Korean 118

(ko), Thai (th), Arabic (ar), and Vietnamese (vi), 119

along with their English (en) translations. The data 120

construction process is shown in Figure 1. 121

2.2 Benchmark Construction 122

2.2.1 Collection of Specific & General 123

Wikipedia Entries 124

We crawled all Wikipedia pages in nine languages 125

and extracted their contents. Unlike conventional 126

methods focusing only on entry content, we specif- 127

ically extracted inter-language link information for 128

each entry and counted the number of these links, 129

denoted as nill. An inter-language link is a hyper- 130

link that connects a Wikipedia page in one language 131

to the related page in another language, aiding nav- 132

igation across different language versions. These 133
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n   of “汉朝” is 122.
It’s General Knowledge.

ill n   of “平淮西碑” is 0.
It’s Language Specific Knowledge.

ill

Figure 2: Illustration of inter-language links on a Wikipedia page. The number of such links (nill) is used to
distinguish between language-specific and language-general knowledge.

links are usually located in the sidebar at the top134

right of the webpage, as shown in Figure 2. It’s im-135

portant to note that pages in different language ver-136

sions of Wikipedia are not machine-translated; they137

are created by users who are typically native speak-138

ers of the respective language. If a page exists in a139

particular language, the topic or knowledge it rep-140

resents is likely of interest to native speakers of that141

language. Thus, if an entity lacks versions in other142

languages (nill = 0), it is classified as language-143

specific, indicating the knowledge is unique to that144

language. Conversely, if an entity appears in many145

language versions (nill is large), it likely represents146

global knowledge, making it general.147

For each of the nine languages, we sample148

a total of Nspecific + Ngeneral entries. Specifi-149

cally, we randomly select Nspecific entries from150

those where nill = 0, ensuring that they rep-151

resent language-specific knowledge. Formally,152

this subset is defined as Eselected
specific = {x ∈ D |153

nill(x) = 0, |Eselected
specific | = Nspecific}. Addition-154

ally, we identify the top Ngeneral entries with the155

highest nill values, as these are more likely to156

contain language-general knowledge, defined as157

Eselected
general = {x ∈ D | Rank(nill(x)) ≤ Ngeneral}.158

Here, D represents the set of all Wikipedia entries,159

Eselected
specific and Eselected

general denote the selected sets of160

language-specific and language-general entries, re-161

spectively. The function nill(x) returns the num-162

ber of inter-language links associated with entity163

x, and Rank(nill(x)) represents the ranking of en-164

tity x based on its nill value. Finally, Nspecific and165

Ngeneral define the number of sampled language-166

specific and language-general entries, respectively.167

We set Nspecific = 400 and Ngeneral = 400.168

2.2.2 Construction of Question-Answer169

We employ GPT-4o to extract triples (E1, R, E2)170

that satisfy the requirements from the collected gen-171

eral and specific Wikipedia entries (See prompt in172

Table 8). Both E1 and E2 are titles of Wikipedia173

entries, and R represents the core relation between174

them. Subsequently, we leverage GPT-4o to gener-175

ate Question-Answer (QA) pairs from these triples 176

and translate them into their corresponding English 177

parallel QA pairs (see prompt in Table 9 and 10). 178

For example, if the title of a Wikipedia entry is 179

“Lombardy,” and one segment of the content is 180

“Lombardy is located between the Alps mountain 181

range and tributaries of the river Po, and includes 182

Milan, its capital, the largest metropolitan area 183

in the country, and among the largest in the EU,” 184

the extracted triple would be (Lombardy, capital 185

is, Milan), and the corresponding QA pair would 186

be “What is the capital city of the Lombardy re- 187

gion?”For each question, if either E1 or E2 in its 188

corresponding triple (E1, R, E2) is a language- 189

specific entity, the question is defined as language- 190

specific. 191

Additionally, we extract the reversed triples (E2, 192

R’, E1) and construct QA pairs that explicitly cap- 193

ture inverse relations. This approach allows us to 194

assess whether the model has genuinely internal- 195

ized the underlying knowledge, as discussed in this 196

study (Berglund et al., 2023). The reversed triple 197

corresponding to the above example is (Milan, is 198

capital of, Lombardy), and the corresponding QA 199

pair would be “What Italian region is Milan the 200

capital of?” 201

2.2.3 Two-stage Quality Control 202

For each constructed QA pair, we expect them to 203

meet the following criteria: (1) Triple Consistency 204

(TC): The question must be generated from the 205

head entity and relation of the triple, while the an- 206

swer must correctly correspond to the tail entity. (2) 207

Self-Sufficiency (SS): The question should contain 208

all necessary information to be answerable on its 209

own, without requiring external context. (3) Non- 210

Triviality (NT): The question should not be overly 211

simplistic, and the answer should not be directly 212

inferable from the question itself. (4) Objectiv- 213

ity (OBJ): The question must be based on verifi- 214

able, factual knowledge, avoiding opinion-based, 215

subjective, or interpretive content. (5) Temporal 216

Stability (TS): The answer must remain valid over 217
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Q : “《算学宝鉴》是由谁完成的？" A: "陈非侬"
Q : "Which Cantonese opera singer did Wu Qianfeng apprentice under?" A: 
"Chan Fei Nong"
Q : "Xã Đăk Rơ Wa thuộc thành phố nào?" A: "Kon Tum"
Q : "In which city is Đăk Rơ Wa commune located? A: "Kon Tum "
Q : "ใครเป็นผูก้อ่ตัง้พรรคเพือ่ไทรวมพลงั? " A: "จติรวรรณ หวงัศภุกจิโกศล "
Q : "Who is the founder of the Pheu Thai Ruam Palang Party?" 
A: "Jittrawan Wangsuppakitkosol
Q : "Где је смјештен Манастир Ограђеница?" A: "Брајићи (Будва)"
Q : "Where is the Ograđenica Monastery located?" A: "Brajići (Budva) "
Q : "Арикский хребет является отрогом какого хребта?" A: "Терского хребта"
Q : "Arik Ridge is a spur of which mountain range?" A: "Terek Ridge "
Q : "황주황씨의본관은어디인가요?" A: "황주군"
Q : "What is the ancestral home of the Hwang clan of Hwangju?" 
A: "Hwangju-gun "
Q : "Ki alapította a Teleki Blanka-díjat?" A: "Hiller István"
Q : "Who founded the Blanka Teleki Award?" A: "Istvan Hiller "
Q : "Ve kterém městečku se narodil Josef Köferl?" A: "Litrbachy"
Q : "In which town was Josef Köferl born?" A: "Litrbachy "
Q : " في أي بلد وُلِدَ ابن الكیزاني؟" A: "مصر"
Q : "In which country was Ibn al-Kizani born?" A: "Egypt"

Language-specific
Q: "伦巴第大区的首府是哪座城市？" A: "米兰"
Q : "What is the capital city of the Lombardy region? " A: "Milan "
Q : "Biển Okhotsk nằm dưới sự quản lý của quốc gia nào?" A: "Nga"
Q : "Which country administers the Sea of Okhotsk? " A: “Russi "
Q : "รางวลัพูลติเซอรถ์กูไดร้บัโดยใครในปี ค.ศ. 1932?" A: " เพริล์ เอส. บกั "
Q : "Who received the Pulitzer Prize in the year 1932?" A: "Pearl S. Buck "
Q : "У којем граду се налази тим Тампа Беј баканирси?" A: "Тампа"
Q : "In which city is the Tampa Bay Buccaneers team located?" A: "Tampa "
Q : "Кто стал королём Венгрии в 1458 году?" A: "Матьяш Хуньяди"
Q : "Who became the king of Hungary in 1458?" A: "Matthias Hunyadi "
Q : "나일강은어느대륙을흐르나요?A: "아프리카대륙"
Q : "Which continent does the Nile River flow through?" A: "Africa "
Q : "Kína melyik déli tartományának székhelye Kunming?" A: "Jünnan"
Q : "Kunming is the capital of which southern province in China?" 
A: "Yunnan "
Q : "Jaký typ jazyka je manština?" A: "keltský jazyk"
Q : "What type of language is Manx?" A: "Celtic languag "
Q : "فورتمبیرغ؟-في أي دولة تقع ولایة بادن" A: "جمھوریة ألمانیا الاتحادیة"
Q : "In which country is the state of Baden-Württemberg located?" 
A: "Federal Republic of Germany"

General

zh

th
sr

vi

ru
ko
hu

cs
ar

zh

th

sr

vi

ru

ko

hu
cs
ar

Figure 3: Example QA pairs in KoLasSimpleQA.

time and should not be subject to change. (6) An-218

swer Uniqueness (AU): The question must be spe-219

cific enough to elicit a single, unambiguous answer.220

Avoid vague formulations like “when” or “where”221

that may lead to multiple valid answers; instead,222

use precise expressions such as “which year” or223

“which city”.224

We adopt a two-stage quality control process.225

In Stage 1, GPT-4o filters questions based on pre-226

defined criteria. In Stage 2, two native-speaking227

annotators independently assess question quality228

and provide answers. The LLM-as-judge (see Ta-229

ble 12) compares their answers with the reference;230

questions are retained only if both annotators agree.231

To ensure diversity, we keep only one QA pair per232

entry (excluding reverse pairs).233

2.3 Benchmark Summary234

After filtering 400 entries per language through a235

two-stage quality control, we retained 2,147 high-236

quality QA pairs. Among them, 452 are reverse237

pairs from the general domain and 190 from the238

language-specific domain.239

The distribution of QA pairs per language is240

shown in Table 2. Representative examples of QA241

pairs in KoLasSimpleQA are presented in Figure 3,242

while examples of QA pairs in a reverse relation-243

ship are illustrated in Figure 4.244

3 Experiment245

3.1 Experimental setup246

We evaluated a wide range of state-of-the-art LLMs247

and Large Reasoning Models (LRMs), including248

models from OpenAI, Deepseek, Qwen, and Meta.249

A comprehensive overview of these models is pre-250

sented in Table 16. 251

All experiments were conducted using Open- 252

Compass (Contributors, 2023b). For traditional 253

LLMs, we used default settings; for LRMs, the out- 254

put length was set to 8192 tokens. OpenAI models 255

used the official API, while Deepseek models ran 256

on Alibaba Cloud due to API instability. Other 257

models ran on A100 GPUs with LMDeploy (Con- 258

tributors, 2023a). 259

3.2 Evaluation Metrics 260

Following (Wei et al., 2024), we use GPT-4o as a 261

judge to classify the LLMs’ responses into three 262

categories: CORRECT (a response is correct if it 263

fully contains the reference answer without con- 264

tradictions), INCORRECT (applies when the pre- 265

dicted answer contradicts the reference answer), 266

and NOT_ATTEMPTED (if the response doesn’t fully 267

provide the reference answer but is free of contra- 268

dictions). The judge prompt is detailed in Tables 269

14 and 15. 270

Furthermore, we use five evaluation metrics 271

to assess model performance. Correct (CO): 272

The proportion of CORRECT answers among all an- 273

swers. Not Attempted (NA): The proportion of 274

NOT_ATTEMPTED answers among all answers. In- 275

correct (IN): The proportion of INCORRECT an- 276

swers among all answers. Correct Given At- 277

tempted (CGA): The proportion of CORRECT an- 278

swers among those attempted. F-score: A har- 279

monic mean of CO and CGA, balancing correct- 280

ness and successful attempts. 281

3.3 Validation of LLM-as-judge 282

To validate the reliability of LLM-as-judge, we 283

conducted an experiment comparing the results of 284
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General

Q: "在北欧神话中，弗
雷亚的父亲是谁？" 
A: "尼奥尔德"
Q: "In Norse mythology, 
who is Freyja's father?" 
A: "Njord"

Q : " Melyik állam 
fővárosa Tallahassee?" 
A: "Florida"
Q : " What state's capital 
is Tallahassee?"  
A: "Florida"

Q: "在北欧神话中，尼奥尔
德的女儿是谁？" 
A: "弗雷亚"
Q: "In Norse mythology, who 
is the daughter of Njord?" 
A: "Freyja"

Q: "Melyik várost tartalmazza
Florida mint főváros?" 
A: "Tallahassee"
Q: "Which city is considered 
the capital of Florida?" 
A: "Tallahassee"

reverse

zh

hu

Language-specific

Q: "久大精盐公司的创
立者是谁？ " 
A: "范旭东"
Q: " Who is the founder 
of Jiuda Salt Company?"  
A: "Fan Xudong"

Q : " "Melyik zenekar 
készítette az Oblatio című 
akusztikus nagylemezt? " 
A: "Pokolgép"
Q : " Which band made 
the acoustic album titled 
Oblatio?"  
A: "Pokolgép"

Q: "中国化学工业企业家范旭东创立了哪家精
盐公司？ " 
A: "久大精盐公司"
Q: " Which salt company was founded by Chinese 
chemical industry entrepreneur Fan Xudong? 
A: "Jiuda Salt Company"

Q: " Milyen címet visel a Pokolgép zenekar
akusztikus nagylemeze, amely 2006 
decemberében jelent meg?" 
A: "Oblatio"
Q: " What is the title of the acoustic album by the 
band Pokolgép, which was released in December 
2006?" 
A: "Oblatio"

reverse

zh

hu

Figure 4: Example QA pairs in the reverse relationship in KoLasSimpleQA.

zh ko th ar vi
general specific general specific general specific general specific general specific

GPT-4o-2024-11-20 95.28 23.95 86.58 38.36 86.27 31.28 89.51 38.89 94.21 54.55
GPT-4o-mini 74.02 9.63 74.17 28.92 67.63 16.49 72.84 19.30 80.17 34.97
o1-mini 86.40 8.82 81.23 19.20 76.05 13.66 79.62 9.09 85.48 19.39
Llama-3.1-Instruct-70B 86.51 11.76 78.15 22.89 79.81 16.22 78.02 13.79 85.95 33.15
Llama-3.1-Instruct-8B 45.85 5.41 42.38 13.58 52.40 11.40 48.75 3.79 69.42 20.11
Qwen2.5-Instruct-72B 88.19 23.73 78.79 20.69 75.18 13.04 75.93 10.38 87.60 33.33
Qwen2.5-Instruct-7B 57.71 14.57 39.59 7.94 45.15 8.28 34.89 6.67 60.00 19.88
QwQ-32B 87.40 22.95 76.67 19.63 77.40 12.50 79.26 12.17 83.82 26.52
QwQ-32B-Preview 79.03 19.05 74.56 17.60 72.40 13.85 78.29 9.88 81.03 20.13
QwQ-Plus 63.32 15.48 57.85 19.85 50.32 10.39 60.70 9.63 61.38 18.18
Deepseek_V3 94.49 34.78 82.12 30.00 79.14 19.59 86.42 22.81 92.56 44.94
Deepseek_R1 96.85 52.41 86.75 25.30 87.98 19.59 90.74 25.00 93.39 52.17

Table 3: Model performance (F-score) on KoLasSimpleQA (part 1/2). The bolded values indicate the highest score
in each column.

sr vi ru th hu ar zh ko cs Avg.
Acc 95.9 93.5 96.3 93.9 98.4 98.8 96.0 97.5 95.0 96.1

Table 4: Accuracy of LLM-as-judge for Each Language

GPT-4o-as-judge with human assessments. Us-285

ing 10 questions per domain and language, 12286

LLMs, 9 languages, and 2 domains, we generated287

2,160 predictions. Native-speaking annotators clas-288

sified these predictions as correct, incorrect, or not289

attempted, following the LLM-as-judge criteria.290

Each prediction was reviewed by two annotators to291

ensure consistency. The accuracy of LLM-as-judge292

is shown in Table 4.GPT4o-as-judge achieved an293

average accuracy of 96.1% across all languages,294

demonstrating its effectiveness.295

4 Results & Analysis296

4.1 Overall Results and Domain Disparity297

The overall performance (F-score) of all LLMs298

on KolasSimpleQA is shown in Tables 3 and 5,299

with additional metrics in Appendix D.1. LLMs300

perform significantly worse in the specific domain 301

than in the general one, highlighting challenges 302

in language-specific factual QA. We provide an 303

analysis of this phenomenon in Appendix D.2.We 304

also observed that the model performs differently 305

across languages. We analyze this in Appendix D.3. 306

In the general domain, Deepseek-R1 and GPT4o 307

achieved the top results, with only a 1.2 percentage 308

point difference. However, in the language-specific 309

domain, GPT4o led by nearly 7 percentage points, 310

demonstrating its superior language-specific fac- 311

tual ability. 312

We compared model performance rankings be- 313

tween general and language-specific domains. Fig- 314

ure 6(a) and 10 show that when models are ranked 315

by general domain performance, their performance 316

in language-specific domains shows significant 317

fluctuations and jumps across nearly all 9 lan- 318

guages. This suggests that models optimized for 319

the general domain may not excel in language- 320

specific domains, emphasizing the need for targeted 321

evaluation and optimization for language-specific 322

tasks. 323
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(a) (b)

Figure 5: (a) Calibration of LLMs based on their expressed confidence. (b) Mean of Expected Calibration Error
(mECE), detailed results can be found in Table 18 in the appendix.

(a)

(b)

(c)

Figure 6: (a) Model performance (F-score) ranking in general and language-specific domains. The models are sorted
based on the general domain (blue line). (b) Differences in F-scores between the tran_en and the direct settings
(a value greater than zero indicates that tran_en performs better). (c) Proportion of bidirectional correctness (Pbi)
for general and specific domain questions across models.

4.2 Does Explicit Translating into English324

Help?325

Research has shown (Shi et al., 2022; Huang et al.,326

2023a) that translating non-English questions into327

English before inputting them into an LLM signif-328

icantly improves performance compared to using329

the original language directly. In our KoLasSim-330

pleQA experiments, we established two settings:331

the direct setting,1 where questions are input in332

their original language, and the tran_en setting,333

where questions are first translated into English334

using GPT-4o2 before being input into the LLM.335

Figure 6(b) details the performance differences be-336

tween these settings across two domains. In the337

general domain, the tran_en setting consistently338

enhances performance across most models and lan-339

guages. However, in the language-specific domain,340

models generally perform better when questions341

are presented in their original language.342

1Unless otherwise specified, we default to the direct set-
ting.

2We use gpt-4o-08-06, which is not the model evaluated in
this paper. See the prompt in Table 3 in the appendix.
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.

Thought N

correct?

Score

Response

Thought 2
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{‘Correctness’ : 1}
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“Wait, am I...”

“But, maybe...”

Figure 7: Segment the LRM’s reasoning process into
distinct thoughts and judge the correctness of each.

4.3 Analysis of Calibration 343

To evaluate LLMs’ calibration, we prompted the 344

LLM to provide a confidence level (0 to 100) 345

when answering questions, as detailed in Table 13. 346

Figure 5(a) shows calibration performance across 347

the two domains. We used the Expected Cali- 348

bration Error (ECE) to quantitatively assess cal- 349

ibration. The ECE is calculated by dividing con- 350

fidence scores into M equally spaced bins. For 351

each bin Bm, we compute the average confidence 352

conf(Bm) and accuracy acc(Bm). ECE is defined 353
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cs hu ru sr avg.
general specific general specific general specific general specific general specific

GPT-4o-2024-11-20 91.87 37.50 88.17 28.19 86.34 24.00 93.58 42.47 90.20 37.59
GPT-4o-mini 83.80 31.46 71.22 10.48 68.48 12.50 78.03 26.75 74.48 23.72
o1-mini 84.89 24.83 73.27 10.58 79.78 20.93 85.17 26.36 81.32 19.81
Llama-3.1-Instruct-70B 89.44 26.82 80.47 16.87 83.06 15.93 91.73 31.37 83.68 23.56
Llama-3.1-Instruct-8B 60.07 23.73 46.15 9.32 43.72 7.27 65.41 16.77 52.68 14.75
Qwen2.5-Instruct-72B 81.69 21.30 52.38 6.31 72.13 20.75 73.68 16.11 76.17 20.61
Qwen2.5-Instruct-7B 50.18 8.70 35.11 0.00 32.58 6.32 33.59 15.60 43.20 12.11
QwQ-32B 83.10 25.43 63.28 11.52 78.26 19.47 81.95 20.38 79.02 21.23
QwQ-32B-Preview 79.41 16.79 65.18 9.47 79.77 18.67 78.43 24.14 76.46 18.34
QwQ-Plus 70.00 10.37 48.69 5.49 60.00 14.43 53.06 13.91 58.37 14.70
Deepseek_V3 92.96 35.03 79.88 16.39 87.43 16.36 88.72 29.30 87.08 30.10
Deepseek_R1 92.20 31.28 87.83 17.46 92.39 14.16 93.58 24.20 91.30 30.81

Table 5: Model performance (F-score) (part2/2). “avg.” denotes the average result across all the 9 languages. The
bolded values indicate the highest score in each column.

as
∑M

m=1
|Bm|
n |acc(Bm)− conf(Bm)|, where n354

is the total sample count, and |Bm| is the sam-355

ple count in bin m (we set M = 10). Lower356

ECE indicates better calibration. We calculated357

ECE for each model across two domains, with re-358

sults in Table 25. To summarize, we averaged re-359

sults across all 12 models to get the Average ECE360

(AvgECE), shown in Table 6. Additionally, we361

computed the mean ECE across both domains and362

settings for each model, called mECE, with results363

in Figure 5(b) and 11.364

From these results, we conclude that: (1) Mod-365

els show significantly poorer calibration in the366

language-specific domain compared to the general367

domain. (2) The tran_en setting improves calibra-368

tion in both domains, although it only enhances the369

F-score in the general domain. This indicates that370

LLMs not only vary in answering ability across lan-371

guages but also in calibration, with English being372

the most effective language. (3) LRMs demon-373

strate superior calibration compared to traditional374

LLMs, as all five LRMs rank within the top six for375

mECE values. This suggests that through thorough376

reasoning and reflection during inference, LRMs377

achieve better calibration performance than tradi-378

tional LLMs.379

4.4 Knowledge Memorization Robustness380

Studies (Allen-Zhu and Li, 2023; Berglund et al.,381

2023) have shown that auto-regressive LLMs strug-382

gle to generalize bidirectionally, a phenomenon383

known as the Reversal Curse. For instance, a model384

trained on "A’s mother is B" may not correctly385

respond to "Who is B’s child?" This reflects the386

robustness of knowledge retention in LLMs. In387

KoLasSimpleQA, we included QA pairs with re- 388

verse relationships, as illustrated in Figure 4, to 389

evaluate the robustness of LLMs’ knowledge mem- 390

orization in multilingual contexts. We defined the 391

metric Proportion of Bidirectional Correctness as 392

Pbi = N2/N1 where N1 represents the number 393

of reverse QA pairs where the LLM correctly an- 394

swered at least one of the pair, and N2 is the num- 395

ber of pairs where the LLM answered both ques- 396

tions correctly. A higher Pbi indicates more robust 397

memory of reverse knowledge. As shown in Figure 398

6(c), models achieve significantly higher Pbi scores 399

in the general domain compared to the language- 400

specific domain. This suggests that general do- 401

main knowledge is more thoroughly represented 402

in the pretraining data of LLMs, leading to more 403

robust memorization, while language-specific do- 404

main knowledge is relatively scarce, underscoring 405

the need for targeted optimization in these areas. 406

4.5 Analyzing the Reasoning Process of LRMs 407

Large Reasoning Models (LRMs) Deepseek- 408

R1 (Guo et al., 2025) represent a new direction 409

for LLMs by enhancing reasoning via reflection 410

and multi-path exploration. We analyze their mul- 411

tilingual reasoning behaviors on KoLasSimpleQA 412

(Figure 7), a rarely explored area. 413

When responding to user queries, an LRM’s out- 414

put typically includes two components: the reason- 415

ing process and the answer. As outlined in (Wang 416

et al., 2025), the reasoning process can be broken 417

down into discrete "thoughts," which are interme- 418

diate steps generated during reasoning. The LRM 419

transitions between these thoughts, often marked 420

by reflective phrases like "Wait" or "Alternative." 421
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erated during the LRM’s reasoning process (ntoken and
nthought).

Examples are shown in Figures 12 and 13. We422

used GPT-4o to segment the reasoning process into423

distinct thoughts (see prompts in Tables 26 and424

27). Thoughts are classified as correct or incor-425

rect: correct thoughts lead to CORRECT responses,426

while incorrect ones lead to INCORRECT responses.427

GPT-4o assessed the correctness of each thought428

(see Table 28), with examples in Figures 12 and 13.429

The number of correct thoughts in a response is430

denoted as nct. A response with at least one correct431

thought is labeled Rnct≥1.432

We applied the above process to responses in433

both the general and language-specific domains434

of KoLaSimpleQA. The LRM’s responses were435

already categorized as CORRECT, INCORRECT, or436

NOT_ATTEMPTED (refer to prompts in Tables 14 and437

15). We then conducted statistical analysis across438

these two domains and three categories, resulting439

in six distinct evaluations.440

To evaluate the LRM’s reasoning process, we de-441

fine the following metrics: (1) ntoken and nthought:442

These metrics represent the average number of to-443

kens and thoughts generated during the reasoning444

process, respectively, providing a direct measure of445

its length and indicating the associated overhead.446

(2) P (Rnct≥1): This metric denotes the proportion447

of Rnct≥1 within a given category. We focus on this 448

particularly in the INCORRECT and NOT_ATTEMPTED 449

categories, as it reflects instances where the LRM 450

had the chance to answer correctly by "searching" 451

through multiple thoughts but either answered in- 452

correctly or chose not to attempt. 453

We selected two representative LRMs, 454

Deepseek-R1 and QwQ-32B, and analyzed their 455

reasoning processes on KoLasSimpleQA using the 456

aforementioned methods. The results are shown in 457

Figures 9 and 8. Based on these results, we found: 458

(1) Overhead in the reasoning process: As 459

illustrated in Figure 9, Deepseek-R1 maintains con- 460

sistent reasoning costs across all three categories. 461

Conversely, QwQ-32B shows significantly higher 462

reasoning costs for NOT_ATTEMPTED responses 463

compared to the other categories. Notably, there 464

is no significant difference in reasoning costs 465

between the two domains for either model. (2) 466

Regret in reasoning search: Figure 8 shows that 467

both models exhibit a much higher P (Rnct≥1) in 468

the general domain than in the language-specific 469

domain. This indicates that when tackling global 470

knowledge questions, LRMs have substantial 471

opportunities to answer correctly through thorough 472

knowledge recall, search and reflection. However, 473

due to various interferences and limitations in 474

understanding their knowledge boundaries, they 475

often miss the correct answer. In contrast, for 476

language-specific knowledge questions, the lack of 477

relevant pretraining knowledge becomes evident. 478

5 Conclusion 479

This paper presents KoLasSimpleQA, a multilin- 480

gual evaluation benchmark for assessing the factual 481

capabilities of LLMs. KoLasSimpleQA focuses on 482

two domains: general and language-specific. Com- 483

prehensive experiments show that in multilingual 484

contexts, LLMs perform differently in language- 485

specific versus general domains, highlighting the 486

need for specialized evaluations and model opti- 487

mization based on language specifics. We hope 488

KoLasSimpleQA will advance LLM development 489

and application in multilingual scenarios. 490

6 Limitations 491

This study marks an initial step in creating a mul- 492

tilingual factual evaluation benchmark, with a par- 493

ticular focus on bridging the gap between global 494

and language-specific domains. While the KoLas- 495

SimpleQA benchmark has been designed to en- 496

8



compass a variety of languages, the current eval-497

uation datasets still face limitations in terms of498

coverage, depth, and cultural relevance for many499

low-resource languages. Future research will aim500

to further expand the breadth of the dataset, partic-501

ularly for underrepresented languages, and contin-502

uously refine the evaluation methodologies.503

Additionally, as the field of large language mod-504

els (LLMs) evolves rapidly, many promising mod-505

els, especially those tailored for multilingual or506

low-resource languages, remain underexplored.507

One of the key objectives moving forward is to es-508

tablish a comprehensive and continuously updated509

evaluation platform that will support the integra-510

tion of emerging models, providing more accurate511

assessments of multilingual capabilities.512
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tilingual evaluation datasets can be found in this756

excellent review article (Huang et al., 2024). Many757

of these datasets are derived from translations of758

existing English evaluation sets. Earlier evalua-759

tion sets typically concentrated on individual tasks760

or capabilities, such as MGSM (Shi et al., 2022),761

XNLI (Conneau et al., 2018), XCOPA (Ponti et al.,762

2020), and BELEBELE (Bandarkar et al., 2023).763

Recent studies, such as PMMEval (Zhang et al.,764

2024) and BenchMaX (Huang et al., 2025), utilize765

translated parallel corpora to comprehensively as-766

sess the performance of LLMs across multiple tasks767

and capability dimensions in multilingual settings.768

These evaluation sets, based on translated parallel769

corpora, allow for a thorough assessment of the 770

language-agnostic abilities of LLMs, bu overlook 771

the unique characteristics and capabilities inherent 772

to most of the world’s languages, such as culture, 773

history, geography, religion, and local life, which 774

are crucial and highly relevant to the speakers of 775

these languages. 776

A.2 Multilingual Benchmark for 777

language-specific domain 778

There are various methods for constructing bench- 779

marks that evaluate language-specific features (Liu 780

et al., 2024). Some works collect exam questions 781

from different countries to build benchmarks sim- 782

ilar to MMLU (Hendrycks et al., 2020), such as 783

CMMLU (Li et al., 2024), CEval (Huang et al., 784

2023b), IndoMMLU (Koto et al., 2023), Ara- 785

bicMMLU (Koto et al., 2024), KMMLU (Son et al., 786

2024), TurkishMMLU (Yüksel et al., 2024), and 787

MMLU-ProX (Xuan et al., 2025). However, their 788

data is limited in scale, and most of the knowl- 789

edge remains global, such as STEM knowledge. 790

Some involves manually constructing evaluation 791

sets (Myung et al., 2024; Sun et al., 2024; Ligeti- 792

Nagy et al., 2024), but this method also faces scala- 793

bility challenges. Another approach involves crawl- 794

ing content from internet forums and user queries, 795

followed by filtering to retain only those queries 796

relevant to language features, to build evaluation 797

sets (Naous et al., 2023; Arora et al., 2024). More- 798

over, cultural-related materials (such as concepts, 799

proverbs, etc.) are collected as seeds, and evalua- 800

tion sets are constructed through an "LLM genera- 801

tion + human expert revision/inspection" approach 802

(Liu et al., 2023; Putri et al., 2024), which is a 803

recent trend. However, the problems in the afore- 804

mentioned evaluation sets are typically complex: 805

first, they include both factual inquiries and reason- 806

ing abilities; second, they usually involve queries 807

about multiple facts or knowledge points; third, the 808

answers are often open-ended, with no absolute or 809

unique standard answer. This paper, following the 810

framework of SimpleQA, constructs a multilingual 811

version that effectively encompasses both global 812

and language-specific domains, thereby facilitating 813

the evaluation of LLM’s factual abilities in multi- 814

lingual contexts through "simple" questions. 815

A.3 Dataset based on Wikipedia 816

Wikipedia plays a crucial role in the development 817

of large language models (LLMs). It serves not 818

only as the corpus for nearly all LLM pretraining 819
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general specific
tran_en 0.06 0.48
direct 0.13 0.5

Table 6: Average Expected Calibration Error (AvgECE)
across two domains and two settings (lower is better).
Detailed results can be found in Table 18 in the ap-
pendix.

LLM Pearson
QwQ-32B -0.5637
DeepSeek-V3 -0.0860

Table 7: Pearson correlation between token count and
LLM accuracy for QwQ-32B and DeepSeek-V3.

(Chen et al., 2020), but also as the foundation for820

constructing SFT data (Wang et al., 2024) and eval-821

uation datasets (Yu et al., 2023; He et al., 2024b,a).822

In particular, Wikipedia contains entries in XX lan-823

guages, which are typically composed of native824

speaker-generated content across various languages825

(Javanmardi et al., 2009; Yang and Lai, 2010), mak-826

ing it a valuable repository of native multilingual827

data. However, the Wikipedia corpus encompasses828

vast amounts of global knowledge, which, despite829

being presented in non-English forms (e.g., STEM-830

related entries, world knowledge), may not fully831

capture the linguistic characteristics of each lan-832

guage. This paper leverages the meta-information833

in Wikipedia pages to effectively distinguish en-834

tries, filtering out those that genuinely contain835

language-specific knowledge, such as history, geog-836

raphy, people, and events. Based on this, we have837

constructed a benchmark dataset that authentically838

reflects linguistic features.839

B Prompt Templates Used in840

KolasSimpleQA Construction and841

Qualify Control842

We show all the prompt templates used in the con-843

struction of KolasSimpleQA. The prompt template844

for extracting the triples is shown in Table 8. The845

prompt template for constructing the QA pair from846

the triples is shown in Table 9. The prompt tem-847

plate for translating the original non-English ques-848

tion of KolasSimpleQA into English is shown in849

Table 10. The prompt template for quality control850

(stage1) is shown in Table 11. The prompt template851

for quality control (stage2) is shown in Table 12.852

C Details of Evaluations 853

The prompt template for model inference is shown 854

in Table 13. The prompt template for LLM as judge 855

is shown in Table 14 and 15. 856

D Additional Results and Analysis 857

D.1 Additional Results 858

The details of the evaluated LLMs are listed in 859

Table 16. 860

The detailed model performance is outlined be- 861

low: 862

• Correct (CO): See Tables 17 and 18. 863

• Not Attempted (NA): See Tables 19 and 20. 864

• Incorrect (IN): See Tables 21 and 22. 865

• Correct Given Attempted (CGA): See Ta- 866

bles 23 and 24. 867

The model performance (F-score) ranking in the 868

general and the language-specific domains for the 869

remaining six languages is presented in Figure 10. 870

The detail of the Expected Calibration Error 871

(ECE) is shown in Table 25. 872

The Mean of Expected Calibration Error 873

(mECE) is shown in Figure 11. 874

D.2 Analysis of LLM Performance Gap 875

between General and Language-Specific 876

Domains 877

LLMs underperform in language-specific domains 878

due to the distribution of their pre-training data, 879

which mainly comes from internet-wide sources. 880

Wikipedia could serve as the uniform sample of the 881

internet. In KoLasSimpleQA, entries unique to a 882

single language version of Wikipedia are deemed 883

language-specific. Such knowledge is less common 884

online, leading to inadequate learning by LLMs. 885

D.3 Analysis of Performance Gap Among 886

Languages 887

The performance gap between languages may stem 888

from both tokenizers and training data. To assess 889

the impact of tokenizers, we first analyzed the token 890

differences across parallel corpora in 9 languages 891

(selected from MMLU-prox) using two tokeniz- 892

ers: QwQ and Deepseek-V3. For each language, 893

we counted the number of tokens in the parallel 894

corpora, where fewer tokens indicate stronger to- 895

kenizer performance, as this suggests better tok- 896

enizer support. We then calculated the Pearson 897
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correlation coefficient between token counts and898

LLM accuracy across languages in KoLasSim-899

pleQA. This correlation analysis helps to deter-900

mine whether the tokenizer affects the model’s901

performance in different languages. The results902

are shown in Table 7. We can observe that for903

QwQ-32B, the performance gap is partly due to its904

tokenizer. For Deepseek-V3, the performance gap905

is mainly due to its training data, not its tokenizer.906

E Details of Analyzing the Reasoning907

Process of LRMs908

We employed GPT-4o to segment the reasoning909

process into distinct thoughts (see the prompts in910

Table 26 and 27). Furthermore, we assessed the911

correctness of each thought (see the prompt in ta-912

ble 28), with additional examples provided in Fig-913

ure 12 and 13.914
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Figure 10: Model performance (F-score) ranking across general (blue line) and language-specific (red line) domains.
Models are ranked by their general domain scores.

Figure 11: Mean of Expected Calibration Error (mECE), detailed results can be found in Table 25.
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Extract Triple Prompt

You are a professional natural language processing assistant, responsible for extracting structured
relational triples from text in the format of [[‘Entity A’, ‘Relation 1’, ‘Entity B’],
[‘Entity B’, ‘Relation 2’, ‘Entity A’]]. Please extract all the triples that meet the
requirements from the following text, where:
1. Entity A and Entity B are entities explicitly mentioned in the text.
2. Relation is the core meaning of the verb, phrase or sentence that describes the association
between entity A and entity B.

The output triples are represented in the form of a list, and ensure that:
1. The triples are accurate and based on the text content.
2. Do not contain subjective inferences, and only extract clear textual relations.
3. If the corresponding relational triples between the two entities cannot be extracted based on the
text, output [].
4. The language of relations and entities of the extracted triples are consistent with the language of
the provided text.
5. For Entity A and Entity B, it is necessary to extract the relationship triples between Entity A
and Entity B and the relationship triples between Entity B and Entity A at the same time. The final
output format is: [[‘Entity A’, ‘Relation 1’, ‘Entity B’], [‘Entity B’, ‘Relation
2’, ‘Entity A’]].
Output format:
[[‘Entity A’, ‘Relation 1’, ‘Entity B’], [‘Entity B’, ‘Relation 2’, ‘Entity
A’]]
Here is am example:
[Input text]:
Li Sing Primary School Li Sing Primary School (English: Li Sing Primary School) is a government
primary school located in Sai Ying Pun, Hong Kong. It was founded in 1954. In May 1953, Li
Baochun announced that he would invest 250,000 yuan to open this primary school. The school
site is the former site of Sai Ying Pun Government School. ...
[Entity A]: Li Baochun
[Entity B]: Li Sing Primary School
[Output Result]:
{

"triple_pair": [['Li Baochun', 'Opened', 'Li Sing Primary School'],['Li
Sheng Primary School', 'is Opened by', 'Li Baochun']]

}

[Input Text]: <context>
[Entity A]: <entity1>
[Entity B]: <entity2>
[Output Result]:
{

"triple_pair": []
}

Table 8: Prompt template for triple extraction in the construction of KoLasSimpleQA.
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Construct Question-Answer Prompt

As a general knowledge expert, please generate open-ended questions that can be answered independently based on
the specified knowledge material and triples related to the material, and ensure that the questions meet the following
requirements:
1. Given a piece of material and the triples extracted from the material, generate questions based on the triples. Each
question is an independent question that can be answered independently without the materials. The question can contain
appropriate context materials for simple background explanation (such as the attributive that describes the entity, specify
the time when the event occurred, etc.) to avoid ambiguity.
2. The question stem must specify the scope of the answer. For example, instead of asking "where did Barack and
Michelle Obama meet" (for which the answers could be "Chicago" or "the law firm Sidley & Austin"), the question
should specify "which city" or "which company". Another example: instead of asking "when", ask "which year" or
"which day".
3. Reference answers should not change over time. For example, instead of broadly asking "who is Meredith’s partner
in Grey’s Anatomy", which could change as new seasons are produced, questions asking about TV shows, movies,
video games, and sports typically require specifying a point in time (e.g., "who is Meredith’s partner in Grey’s Anatomy
in Season 13").
4. Questions must have a clear and unique answer (the tail entity in the triple). For example, for the triple ["China",
"contains", "Beijing"], the question cannot be "Which province does China contain?" because the answer is not unique.
For triples that cannot generate questions, output None. Another example: do not ask "What is one of the representative
pieces of the Mei’an Qin School?" as the answer is not unique.
5. A triple and its corresponding opposite triple will be provided. If the provided triple is [], the corresponding question
and answer should be None.
6. The question is about the head entity of the triple, and the answer is the tail entity of the triple.
7. The given [triple] is used to generate [question] and [answer], and the given [reverse triple] is used
to generate [question_reverse] and [answer_reverse]. The head entity and the relation of the triple are used to
generate the question, and the tail entity is the answer.
8. Language: The questions are in <language>.
Here is an example:
[Input materials]: Li Sing Primary School
Li Sing Primary School (English: Li Sing Primary School) is a government primary school located in Sai Ying Pun,
Hong Kong. It was founded in 1954. In May 1953, Li Baochun announced that he would invest 250,000 yuan to open
this primary school. The school site is the former site of Sai Ying Pun Government School. ...
[triple]: [’Li Baochun’, ’Opened’, ’Li Sing Primary School’]
[reverse triple]: [’Li Sing Primary School’, ’is Opened by’, ’Li Baochun’]
[Output Result]:
{

"question": "What is the name of the primary school opened by Li Baochun?",
"answer": "i Sheng Primary School",
"question_reverse": "Who is the founder of Li Sheng Primary School?",
"answer_reverse": "Li Baochun"

}

[Input materials]: <context>
[triple]: <triple>
[reverse triple]: <reverse_triple>
[Output Result]:
{

"question": "",
"answer": "",
"question_reverse": "",
"answer_reverse": ""

}

Table 9: Prompt template for constructing questions from triples in the construction of KoLasSimpleQA.
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Translatation Prompt

You are a language expert specialized in from_lang and to_lang. Please translate the following
open-ended question and its answer into to_lang. Ensure that the semantics and format are
consistent with those before translation. Try to translate names of people and places into the target
language.
[Question]
<question>
[Answer]
<answer>
[Output Result]:
Please respond strictly in JSON format. Do not include any additional text outside the JSON
structure:

{
"question_trans": [the translation of question],
"answer_trans":[the translation of answer]

}

Table 10: Prompt template for translating the original non-English question of KoLasSimpleQA into English
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Quality Control Prompt

You are a knowledge question quality inspection expert. Your task is to evaluate the quality of knowledge test questions generated from
given materials and extracted triples. Each triple is in the format [’head entity’, ’relation’, ’tail entity’]. Please assess
the quality based on the following criteria:
1. The extracted triples must be correct and consistent with the input materials.
2. Questions must be generated using the head entity and relation of the triple; the answer must be the tail entity.
3. Questions must contain all necessary context and be answerable independently without access to the original material.
4. Questions should not be overly simple; the answer must not be directly revealed in the question stem.
5. Questions must target objective knowledge and yield a single, indisputable answer. For instance, do not ask "Where did Barack and
Michelle Obama meet?" (which could have multiple answers like "Chicago" or "Sidley Austin LLP"). Instead, specify "which city" or
"which company". Similarly, avoid vague time expressions like "when" and use precise ones like "which year" or "which date".
6. Questions must have time-invariant answers. Avoid asking questions whose answers change over time. For example, do not ask
"Who is Meredith’s partner on Grey’s Anatomy?" Instead, specify the season, e.g., "Who is Meredith’s partner in Season 13?"
7. If the triple fails the quality check, then the corresponding question must also be judged as failing.
8. Questions must have a clear and unique answer (i.e., the tail entity). For instance, for the triple ["China", "contains",
"Beijing"], the question "Which province does China contain?" is invalid, as it has multiple possible answers. Similarly, avoid vague
questions like "What is one of the representative pieces of the Mei’an Qin School?"
9. The language used in the question must be <language>.
Output format:

{
"check_triple": "[whether the triple is correct]",
"check_independent": "[whether the question can be answered independently
without input material]",
"check_answer_is_tail": "[whether the answer is the tail entity of triple]",
"check_unique": "[whether the answer to the question is unique]",
"check_question": "[whether the question and answer is correct]",
"check_question_reason": "[the reason why the question and answer is true or false]"

}

Here is an example
[Input materials]: Ibn al-Kizani was born in Egypt and lived in the sixth century AH.
[triple]: [’Egypt’, ’is birthplace’, ’Ibn al-Kizani’]
[question]: Who was born in Egypt and lived in the sixth century AH?
[answer]: Ibn al-Kizani
[Output Result]:

{
"check_triple": true,
"check_independent": false,
"check_answer_is_tail": true,
"check_unique": false,
"check_question": false,
"check_question_reason": "The answer is not unique and the question is not
independently answerable. It fails."

}

Please strictly follow the format below to generate your output:
[Input materials]: <context>
[triple]: <triple>
[question]: <question>
[answer]: <answer>
[Output Result]:

{
"check_triple": true/false,
"check_independent": true/false,
"check_answer_is_tail": true/false,
"check_unique": true/false,
"check_question": true/false,
"check_question_reason": "[your explanation]"

}

Table 11: Prompt template for qualify control (stage 1) in the construction of KoLasSimpleQA.
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Judge Prompt

Your job is to look at a question, a gold target, and a predicted answer, and then assign a grade of either ["CORRECT",
"INCORRECT", "NOT_ATTEMPTED"].
Question: {question}
Gold target: {target}
Predicted answer: {predicted_answer}

Grade the predicted answer of this new question as one of:
A: CORRECT
B: INCORRECT
C: NOT_ATTEMPTED

Just return the letters "A", "B", or "C", with no text around it.

Table 12: Prompt template for quality control(stage 2) in the construction of KoLasSimpleQA.

Infer Prompt

Here is the question:
{question}
Please provide your best guess and a confidence score between 0 to 100 in the following JSON
format:

{
"answer": "Your answer here",
"confidence_score": number

}

Table 13: Prompt template for model inference.
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Judge Prompt

Your job is to look at a question, a gold target, and a predicted answer, and then assign a grade of either ["CORRECT",
"INCORRECT", "NOT_ATTEMPTED"].
First, I will give examples of each grade, and then you will grade a new example.

The following are examples of CORRECT predicted answers:

Question: What are the names of Barack Obama’s children?
Gold target: Malia Obama and Sasha Obama
Predicted answer 1: sasha and malia obama.
Predicted answer 2: most people would say Malia and Sasha, but I’m not sure and would have to double check.
Predicted answer 3: Barack Obama has two daughters. Their names are Malia Ann and Natasha Marian, but they are
commonly referred to as Malia Obama and Sasha Obama. Malia was born on July 4, 1998, and Sasha was born on June
10, 2001.

These predicted answers are all CORRECT because:

- They fully contain the important information in the gold target.
- They do not contain any information that contradicts the gold target.
- Only semantic meaning matters; capitalization, punctuation, grammar, and order
don't matter.
- Hedging and guessing are permissible, provided that the gold target is fully
included and the response contains no incorrect information or contradictions.

The following are examples of INCORRECT predicted answers:

Question: What are the names of Barack Obama’s children?
Gold target: Malia and Sasha
Predicted answer 1: Malia.
Predicted answer 2: Malia, Sasha, and Susan.
Predicted answer 3: Barack Obama does not have any children.
Predicted answer 4: I think it’s either Malia and Sasha. Or it could be Malia and Jackie. Or it could be Joey and Malia.
Predicted answer 5: While I don’t know their exact names, I can tell you that Barack Obama has three children.
Predicted answer 6: It’s possible you may mean Betsy and Olivia. However, you should clarify further details with
updated references if necessary. Is that the correct answer?
Predicted answer 7: It may be the case that Obama’s child is named James. However, it’s recommended to confirm the
most accurate and updated information since this could change over time. This model may not always reflect the most
current information.

These predicted answers are all INCORRECT because:

- A factual statement in the answer contradicts the gold target. Incorrect statements
that have some hedging (e.g., "it is possible that", "although i'm not sure, i think "
) are also considered incorrect.

The following are examples of NOT_ATTEMPTED predicted answers:

Question: What are the names of Barack Obama’s children?
Gold target: Malia and Sasha
Predicted answer 1: I don’t know.
Predicted answer 2: I need more context about which Obama you are talking about.
Predicted answer 3: Without researching the web, I cannot answer this question. However, I can tell you that Barack
Obama has two children.
Predicted answer 4: Barack Obama has two children. I know that one of them is Malia, but I’m not sure about the
other one.

These predicted answers are all NOT_ATTEMPTED because:

- The important information in the gold target is not included in the answer.
- No statements in the answer contradict the gold target.

Table 14: Prompt template for LLM as judge (part1/2).
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Judge Prompt

Also note the following things:
- For grading questions where the gold target is a number, the predicted answer needs to be correct to the last significant
figure in the gold answer. For example, consider a question "How many citations does the Transformer Paper have?"
with gold target "120k".

- Predicted answers "120000", "120k" are all CORRECT.
- Predicted answers "100k" and "113k" are INCORRECT.
- Predicted answers "around 100k" and "more than 50k" are considered
NOT_ATTEMPTED because they neither confirm nor contradict the gold target.

- The gold target may contain more information than the question. In such cases, the predicted answer only needs to
contain the information that is in the question.

- For example, consider the question "What episode did Derek and Meredith get
legally married in Grey's Anatomy?" with gold target "Season 7, Episode 20:
White Wedding". Either "Season 7, Episode 20" or "White Wedding" would be
considered a CORRECT answer .

- Do not punish predicted answers if they omit information that would be clearly inferred from the question.

- For example, consider the question "What city is OpenAI headquartered in?"
and the gold target "San Francisco, California". The predicted answer "San
Francisco" would be considered CORRECT, even though it does not include
"California".
- Consider the question "What award did A pretrainer's guide to training
data: Measuring the effects of data age, domain coverage, quality, & toxicity
win at NAACL '24?", the gold target is "Outstanding Paper Award". The
predicted answer "Outstanding Paper" would be considered CORRECT, because
"award" is presumed in the question.
- For the question "What is the height of Jason Wei in meters?", the gold
target is "1.73 m". The predicted answer "1.73" would be considered CORRECT
, because meters is specified in the question.
- For the question "What is the name of Barack Obama's wife?", the gold
target is " Michelle Obama". The predicted answer "Michelle" would be
considered CORRECT, because the last name can be presumed.

- Do not punish for typos in people’s name if it’s clearly the same name.

- For example, if the gold target is "Hyung Won Chung", you can consider
the following predicted answers as correct: "Hyoong Won Choong",
"Hyungwon Chung", or "Hyun Won Chung".

- Do not punish if the language type of predicted answer is different from that of question. Here is a new example.
Simply reply with either CORRECT, INCORRECT, NOT ATTEMPTED. Don’t apologize or correct yourself if there
was a mistake; we are just trying to grade the answer.

Question: {question}
Gold target: {target}
Predicted answer: {predicted_answer}

Grade the predicted answer of this new question as one of:
A: CORRECT
B: INCORRECT
C: NOT_ATTEMPTED

Just return the letters "A", "B", or "C", with no text around it.

Table 15: Prompt template for LLM as judge (part2/2).
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Model Size Reasoning Model Open-source Inference Method
GPT-4o - N N Official API

GPT-4o-mini - N N Official API
Deepseek-V3 - N Y Alibaba Cloud

Qwen2.5-Instruct 7B,72B N Y Local GPU
Llama-3.1-Instruct 8B,70B N Y Local GPU

o1-mini - Y N Official API
QwQ 32B Y Y Local GPU

QwQ-preview 32B Y Y Local GPU
QwQ-Plus - Y N Official API

Deepseek-R1 - Y N Official API

Table 16: LLMs evaluated in our experiments.

zh ko th ar vi
general specific general specific general specific general specific general specific

GPT-4o-2024-11-20 95.28 21.05 85.43 33.33 85.65 28.28 89.51 35.90 94.21 52.17
GPT-4o-mini 74.02 9.47 74.17 28.57 67.46 16.16 72.84 18.80 80.17 34.78

o1-mini 85.04 6.32 78.81 14.29 73.68 11.11 78.40 6.84 85.12 17.39

Llama-3.1-Instruct-70B 85.83 11.58 78.15 22.62 79.43 15.15 77.78 13.68 85.95 32.61

Llama-3.1-Instruct-8B 45.67 5.26 42.38 13.10 52.15 11.11 48.15 3.42 69.42 19.57

Qwen2.5-Instruct-72B 88.19 22.11 77.48 17.86 73.21 12.12 75.93 9.40 87.60 31.52

Qwen2.5-Instruct-7B 57.48 11.58 38.41 5.95 44.50 7.07 34.57 5.98 59.50 17.39

QwQ-32B 87.40 22.11 76.16 19.05 77.03 12.12 79.01 11.97 83.47 26.09

QwQ-32B-Preview 77.17 14.74 70.86 13.10 66.51 9.09 73.46 6.84 77.69 16.30

QwQ-Plus 49.61 12.63 46.36 15.48 37.80 8.08 48.15 7.69 47.93 14.13

Deepseek_V3 94.49 33.68 82.12 28.57 78.95 19.19 86.42 22.22 92.56 43.48

Deepseek_R1 96.85 51.58 86.75 25.00 87.56 19.19 90.74 24.79 93.39 52.17

Table 17: Model performance (CO) on KoLasSimpleQA (part1/2). Bold indicates the best result per column.

cs hu ru sr avg.
general specific general specific general specific general specific general specific

GPT-4o-2024-11-20 91.55 33.33 88.17 25.20 85.87 21.05 93.23 39.24 89.88 34.15
GPT-4o-mini 83.80 31.11 71.01 10.24 68.48 12.28 77.44 26.58 74.38 23.38

o1-mini 83.10 20.00 72.19 7.87 77.17 15.79 84.21 21.52 79.75 15.69

Llama-3.1-Instruct-70B 89.44 26.67 80.47 16.54 82.61 15.79 91.73 30.38 83.49 23.13

Llama-3.1-Instruct-8B 59.86 23.33 46.15 8.66 43.48 7.02 65.41 16.46 52.52 14.34

Qwen2.5-Instruct-72B 81.69 20.00 52.07 5.51 71.74 19.30 73.68 15.19 75.73 19.02

Qwen2.5-Instruct-7B 48.59 7.78 33.14 0.00 31.52 5.26 33.08 13.92 42.31 10.28

QwQ-32B 83.10 24.44 62.72 11.02 78.26 19.30 81.95 20.25 78.79 20.66

QwQ-32B-Preview 76.06 12.22 60.36 6.30 75.00 12.28 75.19 17.72 72.48 13.36

QwQ-Plus 59.15 7.78 38.46 3.94 48.91 12.28 39.10 10.13 46.16 11.46

Deepseek_V3 92.96 34.44 79.88 15.75 86.96 15.79 88.72 29.11 87.01 29.19

Deepseek_R1 91.55 31.11 87.57 17.32 92.39 14.04 93.23 24.05 91.11 30.48

Table 18: Model performance (CO) on KoLasSimpleQA (part2/2).
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zh ko th ar vi
general specific general specific general specific general specific general specific

GPT-4o-2024-11-20 0.00 24.21 2.65 26.19 1.44 19.19 0.00 15.38 0.00 8.70

GPT-4o-mini 0.00 3.16 0.00 2.38 0.48 4.04 0.00 5.13 0.00 1.09

o1-mini 3.15 56.84 5.96 51.19 6.22 37.37 3.09 49.57 0.83 20.65

Llama-3.1-Instruct-70B 1.57 3.16 0.00 2.38 0.96 13.13 0.62 1.71 0.00 3.26

Llama-3.1-Instruct-8B 0.79 5.26 0.00 7.14 0.96 5.05 2.47 19.66 0.00 5.43

Qwen2.5-Instruct-72B 0.00 13.68 3.31 27.38 5.26 14.14 0.00 18.80 0.00 10.87

Qwen2.5-Instruct-7B 0.79 41.05 5.96 50.00 2.87 29.29 1.85 20.51 1.65 25.00

QwQ-32B 0.00 7.37 1.32 5.95 0.96 6.06 0.62 3.42 0.83 3.26

QwQ-32B-Preview 4.72 45.26 9.93 51.19 16.27 68.69 12.35 61.54 8.26 38.04

QwQ-Plus 43.31 36.84 39.74 44.05 49.76 44.44 41.36 40.17 43.80 44.57
Deepseek_V3 0.00 6.32 0.00 9.52 0.48 4.04 0.00 5.13 0.00 6.52

Deepseek_R1 0.00 3.16 0.00 2.38 0.96 4.04 0.00 1.71 0.00 0.00

Table 19: Model performance (NA) on KoLasSimpleQA (part1/2).

cs hu ru sr avg.
general specific general specific general specific general specific general specific

GPT-4o-2024-11-20 0.70 22.22 0.00 21.26 1.09 24.56 0.75 15.19 0.74 19.13

GPT-4o-mini 0.00 2.22 0.59 4.72 0.00 3.51 1.50 1.27 0.29 3.17

o1-mini 4.23 38.89 2.96 51.18 6.52 49.12 2.26 36.71 3.91 42.28

Llama-3.1-Instruct-70B 0.00 1.11 0.00 3.94 1.09 1.75 0.00 6.33 0.47 3.89

Llama-3.1-Instruct-8B 0.70 3.33 0.00 14.17 1.09 7.02 0.00 3.80 0.67 7.60

Qwen2.5-Instruct-72B 0.00 12.22 1.18 25.20 1.09 14.04 0.00 11.39 1.20 16.59

Qwen2.5-Instruct-7B 6.34 21.11 11.24 48.03 6.52 33.33 3.01 21.52 4.47 31.66

QwQ-32B 0.00 7.78 1.78 8.66 0.00 1.75 0.00 1.27 0.61 5.16

QwQ-32B-Preview 8.45 54.44 14.79 66.93 11.96 68.42 8.27 53.16 10.56 56.63
QwQ-Plus 30.99 50.00 42.01 56.69 36.96 29.82 52.63 54.43 42.28 45.25

Deepseek_V3 0.00 3.33 0.00 7.87 1.09 7.02 0.00 1.27 0.17 5.89

Deepseek_R1 1.41 1.11 0.59 1.57 0.00 1.75 0.75 1.27 0.41 2.00

Table 20: Model performance (NA) on KoLasSimpleQA (part2/2).

zh ko th ar vi
general specific general specific general specific general specific general specific

GPT-4o-2024-11-20 4.72 54.74 11.92 40.48 12.92 52.53 10.49 48.72 5.79 39.13

GPT-4o-mini 25.98 87.37 25.83 69.05 32.06 79.80 27.16 76.07 19.83 64.13

o1-mini 11.81 36.84 15.23 34.52 20.10 51.52 18.52 43.59 14.05 61.96

Llama-3.1-Instruct-70B 12.60 85.26 21.85 75.00 19.62 71.72 21.60 84.62 14.05 64.13

Llama-3.1-Instruct-8B 53.54 89.47 57.62 79.76 46.89 83.84 49.38 76.92 30.58 75.00
Qwen2.5-Instruct-72B 11.81 64.21 19.21 54.76 21.53 73.74 24.07 71.79 12.40 57.61

Qwen2.5-Instruct-7B 41.73 47.37 55.63 44.05 52.63 63.64 63.58 73.50 38.84 57.61

QwQ-32B 12.60 70.53 22.52 75.00 22.01 81.82 20.37 84.62 15.70 70.65

QwQ-32B-Preview 18.11 40.00 19.21 35.71 17.22 22.22 14.20 31.62 14.05 45.65

QwQ-Plus 7.09 50.53 13.91 40.48 12.44 47.47 10.49 52.14 8.26 41.30

Deepseek_V3 5.51 60.00 17.88 61.90 20.57 76.77 13.58 72.65 7.44 50.00

Deepseek_R1 3.15 45.26 13.25 72.62 11.48 76.77 9.26 73.50 6.61 47.83

Table 21: Model performance (IN) on KoLasSimpleQA (part1/2).
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cs hu ru sr avg.
general specific general specific general specific general specific general specific

GPT-4o-2024-11-20 7.75 44.44 11.83 53.54 13.04 54.39 6.02 45.57 9.39 46.72

GPT-4o-mini 16.20 66.67 28.40 85.04 31.52 84.21 21.05 72.15 25.34 73.45

o1-mini 12.68 41.11 24.85 40.94 16.30 35.09 13.53 41.77 16.34 42.03

Llama-3.1-Instruct-70B 10.56 72.22 19.53 79.53 16.30 82.46 8.27 63.29 16.04 72.98

Llama-3.1-Instruct-8B 39.44 73.33 53.85 77.17 55.43 85.96 34.59 79.75 46.81 78.06
Qwen2.5-Instruct-72B 18.31 67.78 46.75 69.29 27.17 66.67 26.32 73.42 23.06 64.39

Qwen2.5-Instruct-7B 45.07 71.11 55.62 51.97 61.96 61.40 63.91 64.56 53.22 58.06

QwQ-32B 16.90 67.78 35.50 80.31 21.74 78.95 18.05 78.48 20.60 74.18

QwQ-32B-Preview 15.49 33.33 24.85 26.77 13.04 19.30 16.54 29.11 16.97 30.01

QwQ-Plus 9.86 42.22 19.53 39.37 14.13 57.89 8.27 35.44 11.55 43.29

Deepseek_V3 7.04 62.22 20.12 76.38 11.96 77.19 11.28 69.62 12.82 64.91

Deepseek_R1 7.04 67.78 11.83 81.10 7.61 84.21 6.02 74.68 8.47 67.52

Table 22: Model performance (IN) on KoLasSimpleQA (part2/2).

zh ko th ar vi
general specific general specific general specific general specific general specific

GPT-4o-2024-11-20 95.28 27.78 87.76 45.16 86.89 35.00 89.51 42.42 94.21 57.14
GPT-4o-mini 74.02 9.78 74.17 29.27 67.79 16.84 72.84 19.82 80.17 35.16

o1-mini 87.80 14.63 83.80 29.27 78.57 17.74 80.89 13.56 85.83 21.92

Llama-3.1-Instruct-70B 87.20 11.96 78.15 23.17 80.19 17.44 78.26 13.91 85.95 33.71

Llama-3.1-Instruct-8B 46.03 5.56 42.38 14.10 52.66 11.70 49.37 4.26 69.42 20.69

Qwen2.5-Instruct-72B 88.19 25.61 80.14 24.59 77.27 14.12 75.93 11.58 87.60 35.37

Qwen2.5-Instruct-7B 57.94 19.64 40.85 11.90 45.81 10.00 35.22 7.53 60.50 23.19

QwQ-32B 87.40 23.86 77.18 20.25 77.78 12.90 79.50 12.39 84.17 26.97

QwQ-32B-Preview 80.99 26.92 78.68 26.83 79.43 29.03 83.80 17.78 84.68 26.32

QwQ-Plus 87.50 20.00 76.92 27.66 75.24 14.55 82.11 12.86 85.29 25.49

Deepseek_V3 94.49 35.96 82.12 31.58 79.33 20.00 86.42 23.42 92.56 46.51

Deepseek_R1 96.85 53.26 86.75 25.61 88.41 20.00 90.74 25.22 93.39 52.17

Table 23: Model performance (CGA) on KoLasSimpleQA (part1/2).

cs hu ru sr avg.
general specific general specific general specific general specific general specific

GPT-4o-2024-11-20 92.20 42.86 88.17 32.00 86.81 27.91 93.94 46.27 90.53 41.89
GPT-4o-mini 83.80 31.82 71.43 10.74 68.48 12.73 78.63 26.92 74.59 24.07

o1-mini 86.76 32.73 74.39 16.13 82.56 31.03 86.15 34.00 82.97 27.23

Llama-3.1-Instruct-70B 89.44 26.97 80.47 17.21 83.52 16.07 91.73 32.43 83.88 24.01

Llama-3.1-Instruct-8B 60.28 24.14 46.15 10.09 43.96 7.55 65.41 17.11 52.85 15.20

Qwen2.5-Instruct-72B 81.69 22.78 52.69 7.37 72.53 22.45 73.68 17.14 76.64 22.55

Qwen2.5-Instruct-7B 51.88 9.86 37.33 0.00 33.72 7.89 34.11 17.74 44.15 14.86

QwQ-32B 83.10 26.51 63.86 12.07 78.26 19.64 81.95 20.51 79.24 21.85

QwQ-32B-Preview 83.08 26.83 70.83 19.05 85.19 38.89 81.97 37.84 80.96 30.29

QwQ-Plus 85.71 15.56 66.33 9.09 77.59 17.50 82.54 22.22 79.91 20.71

Deepseek_V3 92.96 35.63 79.88 17.09 87.91 16.98 88.72 29.49 87.15 31.09

Deepseek_R1 92.86 31.46 88.10 17.60 92.39 14.29 93.94 24.36 91.49 31.14

Table 24: Model performance (CGA) on KoLasSimpleQA (part2/2).
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language-specific domain general domain mECE
tran_en direct tran_en direct

GPT-4o-2024-11-20 0.42 0.43 0.04 0.05 0.24
GPT-4o-mini 0.56 0.55 0.07 0.14 0.33
o1-mini 0.46 0.48 0.07 0.1 0.28
Llama-3.1-Instruct-70B 0.42 0.57 0.04 0.07 0.28
Llama-3.1-Instruct-8B 0.53 0.63 0.11 0.3 0.39
Qwen2.5-Instruct-72B 0.61 0.62 0.05 0.15 0.36
Qwen2.5-Instruct-7B 0.67 0.71 0.15 0.38 0.48
QwQ-32B 0.45 0.43 0.04 0.1 0.26
QwQ-32B-Preview 0.32 0.35 0.04 0.06 0.19
QwQ-Plus 0.44 0.43 0.05 0.09 0.25
Deepseek_V3 0.51 0.51 0.03 0.06 0.28
Deepseek_R1 0.34 0.33 0.04 0.06 0.19
AvgECE 0.48 0.5 0.06 0.13 0.29

Table 25: LLMs’ Expected Calibration Error (ECE) in the general and language-specific domains corresponding to
the tran_en and direct settings. mECE represents the Mean of ECE across the two domains and two settings,
AvgECE represents the average across the 12 LLMs.

Shift Expression Extracting Prompt

Given a thinking process for answering a question, follow these steps to extract contrastive expressions from the answer
text:
1. Identify the Primary Language:
• First, determine the primary language of the answer text.
2. Extract Contrastive Words, Phrases, or Expressions:
• Identify all the phrases that express a shift in opinion, explanation, or answer, phrases that signal a contrast or change
in direction.
• For English: “However,” “but,” “On the other hand,” “Although,” “Nevertheless,” “Yet,” “Despite,” “In contrast,”
“Instead,” “Even though.”
• Please pay attention that phrases indicating a successive relationship, such as "so", "for example" and the like, must
never appear in your answers. Your goal is to find phrases indicating a contrast of viewpoints.

Requirements:
1. Identify and list all the contrastive words or phrases that indicate a shift in meaning, thought, or direction.
2. These expressions should be at the beginning of a sentence to signal a shift.
3. Keep the original text’s meaning and context intact.
4. Ensure to maintain the original capitalization of the words (e.g., “However” vs. “however”).
5. Provide a clear list of all the identified contrast words or phrases.

[Input text]:
{

"question": <question>,
"answer": <answer>,

}

Please respond strictly in JSON format. Do not include any additional text outside the JSON structure. The output
should also include the detected language type.

[Output]:
{

"language": "<detected_language>",
"shift_expression":[list]

}

Table 26: Prompt template for splitting the LRM’s reasoning process into thoughts on KoLasSimpleQA (step 1/2)
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Shift Expression Confirming Prompt

Given the thinking process, identify all the phrases that express a shift in opinion, explanation, or answer, i.e., phrases
that signal a contrast or change in direction (commonly known as “contradiction,” “contrast,” or “transition” phrases).
For each identified phrase, wrap it in the format <shift_phrase_X>word<shift_phrase_X>, where X is the sequential
number for each occurrence of the phrase.
You should provide a list of the sequence numbers corresponding to the phrases that convey a shift in meaning.
If there is no "<shift_phrase_X>" tag in text, return an empty list.

[Input text]:<input_text>

Please respond strictly in JSON format. Do not include any additional text outside the JSON structure.

[Output]:
{

"shift_phrase_ids": [list of sequential numbers of shifting phrases]
}

Table 27: Prompt template for splitting the LRM’s reasoning process into thoughts on KoLasSimpleQA (step 2/2)

Thought Access Prompt

Problem P = <problem>
Solution Draft S = <split_solutions>
Correct Answer A = <expected_answer>

1. Please analyze the relevance between the solution S and the problem P, and conduct some verifications to check the
correctness of the solution itself. Please think step by step to give an explanation **EXPLANATION**.
2. If you think the solution draft S can lead to the correct answer A of the problem P, please stick to the line of thinking
without deviation and carry it through to completion. If you think it cannot yield the correct answer or you’re not sure,
indicate a confidence score of 0 out of 2.
3. Please tell me honestly how confident you are that you can solve the problem P correctly based on the the solution
draft S. Out of 2, please generate your confidence score **CONFIDENT SCORE**.

Please output **EXPLANATION** and **CONFIDENT SCORE** according to the following JSON format:

{
"explanation": "EXPLANATION",
"confident_score": "CONFIDENT SCORE"

}

Table 28: Prompt template for evaluating the correctness of the thoughts of the LRM’s reasoning process on
KoLasSimpleQA.
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Question:何晓钟参与编剧的台视八点档连续剧叫什么名字？What is the name of the TTV 
primetime drama series that He Xiaozhong participated in writing?
Correct Answer:星星知我心 (Stars Know My Heart)

虽然《意难忘》的可能性较高，但信心可能不是百分之百，因为可能有其他剧集。所以，
我需要给出一个信心分数，比如80分，表示比较确定，但可能还有不确定因素。
Although the possibility of Unforgettable Love is relatively high, the 
confidence may not be 100%, because there may be other dramas. Therefore, 
I need to give a confidence score, for example, 80 points, which means 
it is relatively certain, but there may still be some uncertain factors.

Thought1

Thought2

Thought5

......

Predicted Answer:何晓钟参与编剧的台视八点档连续剧是《意难平》。
The Taiwan Television's 8 PM slot serial drama that He Xiaozhong 
participated in writing the screenplay for is Unforgettable Love.

好的，我需要回答用户关于何晓钟参与编剧的台视八点档连续剧的问题。首先，我得回忆
一下何晓钟的资料。他是台湾的编剧，参与过不少电视剧的创作。台视八点档通常指的是
台湾电视台黄金时段播出的连续剧，这类剧集很多，比如《意难忘》、《娘家》等。 我记
得何晓钟曾参与《意难忘》的编剧工作，这部剧确实是在台视八点档播出的长剧，分很多
集，播出时间也很长。
Okay, I need to answer the user's questions about the Taiwan 
Television's 8 PM slot serial dramas for which He Xiaozhong was involved 
in the screenwriting. First of all, I have to recall the information 
about He Xiaozhong. He is a screenwriter from Taiwan and has 
participated in the creation of quite a few TV dramas. The Taiwan 
Television's 8 PM slot usually refers to the serial dramas broadcast 
during the prime time of Taiwan Television. There are many such dramas, 
such as Unforgettable Love and The Mother's Family, etc. I remember that 
He Xiaozhong was once involved in the screenwriting work of 
Unforgettable Love. This drama is indeed a long serial drama broadcast 
in the 8 PM slot of Taiwan Television. It has many episodes and was 
broadcast for a long time.

不过，我需要确认这一点是否正确，可能还有其他剧集比如《星星知我心》或者《满庭芳》
之类的。

However, I need to confirm whether this point is correct. There may 
also be other TV dramas, such as The Sentimental Journey or Full Bloom, 
and the like.

不过《意难忘》是比较有名的，而且确实属于台视的八点档。
However, Unforgettable Love is quite famous, and it is indeed a drama in 
the 8 PM time slot of Taiwan Television.

Thought3

Figure 12: Example of the thoughts in Deepseek-R1’s reasoning process on KoLasSimpleQA.
√

and × indicate the
correctness of the thoughts. The original text is in black, while the translation into English is shown in blue..
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Question:何晓钟参与编剧的台视八点档连续剧叫什么名字？What is the name of the TTV 
primetime drama series that He Xiaozhong participated in writing?
Correct Answer:星星知我心 (Stars Know My Heart)

或者，可能用户的问题中的何晓钟是男性名字，而台湾的编剧可能有女性较多，但不确定。
总之，可能需要猜测是《含苞》，但信心分数可能在50-60之间。
Alternatively, the He Xiaozhong in the user's question is a male name, 
and among the screenwriters in Taiwan, there may be more females, but 
I'm not sure about that. In any case, it's possible that it might be In 
Bud, but the confidence level might be between 50 and 60.

Thought1

Thought9

......

Predicted Answer:何晓钟参与编剧的台视八点档连续剧是《含苞》。
The Taiwan Television's 8 PM slot serial drama that He Xiaozhong 
participated in writing the screenplay for is In Bud.

嗯，用户问的是何晓钟参与编剧的台视八点档连续剧叫什么名字。首先，我需要确认何晓
钟是谁。可能是一位台湾的编剧，参与过八点档电视剧。台视的八点档通常指的是台湾电
视公司（Taiwan Television，台视）长期播出的连续剧，通常在晚上八点时段播出，类
似中国大陆的长篇连续剧，可能类似家庭伦理剧或者乡土剧。 首先，我需要回想一下台视
有哪些著名的八点档连续剧。台视比较有名的可能有《娘家》系列，比如《娘家之新女
性》、《娘家之女儿翻身》等。
Okay, the user asked what the name of the Taiwan Television's 8 PM slot 
serial drama that He Xiaozhong was involved in screenwriting is. First 
of all, I need to confirm who He Xiaozhong is. He might be a 
screenwriter from Taiwan who has been involved in 8 PM slot TV dramas. 
The 8 PM slot of Taiwan Television usually refers to the serial dramas 
that Taiwan Television (Taiwan Television Enterprise, Ltd., TTV) has 
been broadcasting for a long time. They are usually broadcast during the 
8 PM time period, which is similar to the long serial dramas in mainland 
China. They might be similar to family ethical dramas or rural dramas.
First of all, I need to recall what the famous 8 PM slot serial dramas 
of Taiwan Television are. Some of the more famous ones of Taiwan 
Television might include the The Mother‘s Family series, such as The New 
Women in the Mother’s Family and The Daughters‘ Rise in the Mother’s 
Family.

不过，不确定何晓钟是否参与过这些剧集的编剧工作。 另外，可能需要查证何晓钟的编剧
作品。不过由于我目前无法实时搜索，只能依靠已有的知识库。记得何晓钟可能参与过
《含苞》这部剧？或者《家的脚印》？或者《娘家》系列？
However, I'm not sure if He Xiaozhong has ever participated in the 
screenwriting work of these TV dramas. In addition, it may be necessary 
to verify He Xiaozhong's screenwriting works. However, since I can't 
conduct a real-time search at present, I can only rely on the existing 
knowledge base. I remember that He Xiaozhong might have participated in 
the TV drama In Bud? Or Footsteps of Home? Or the Mother's Family series?

Thought2

......

Figure 13: Example of the thoughts in QwQ-32B’s reasoning process on KoLasSimpleQA.
√

and × indicate the
correctness of the thoughts. The original text is in black, while the translation into English is shown in blue.
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