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Abstract001

Large Language Models (LLMs) annotated002
datasets are widely used nowadays, however,003
large-scale annotations often show biases in low-004
quality datasets. For example, Multiple-Choice005
Questions (MCQs) datasets with one single cor-006
rect option is common, however, there may be007
questions attributed to none or multiple correct008
options; whereas true-or-false questions are009
supposed to be labeled with either True or False,010
but similarly the text can include unsolvable011
elements, which should be further labeled as012
Unknown. There are problems when low-quality013
datasets with mixed question forms can not be014
identified. We refer to these exceptional label015
forms as Sparse Labels, and LLMs’ ability016
to distinguish datasets with Sparse Labels017
mixture is important. Since users may not know018
situations of datasets, their instructions can019
be biased. To study how different instruction020
settings affect LLMs’ identifications of Sparse021
Labels mixture, we introduce the concept of022
Instruction Boundary, which systematically023
evaluates different instruction settings that lead024
to biases. We propose BIASDETECTOR, a025
diagnostic benchmark to systematically evaluate026
LLMs on datasets with mixed question forms027
under Instruction Boundary settings. Exper-028
iments show that users’ instructions induce029
large biases on our benchmark, highlighting030
the need not only for LLM developers to031
recognize risks of LLM biased annotation032
resulting in Sparse Labels mixture, but also033
problems arising from users’ instructions to034
identify them. Code and datasets are available at035
https://anonymous.4open.science/r/Instruction-036
Boundary.037

1 Introduction038

LLMs such as GPT-4 (Achiam et al., 2023) have039

demonstrated advanced question-answering abili-040

ties. However, prior work mainly focuses on think-041

ing along with fixed instruction guidance (Xu et al.,042

2025a; Shen et al., 2024): As we tell LLMs they043
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Figure 1: Background of problems and motivation of
our work. Benchmarking the ability of LLMs adaptively
answering questions with mixed forms under different in-
struction settings is important for LLM annotated datasets
verification and usage.

are now facing MCQs and choose one option, or 044

True-or-False questions which only contains True 045

and False labels. LLMs are thinking based on a 046

given range, their ability is largely enhanced by 047

such guidance. However, as large-scale LLM an- 048

notated datasets are widely used, both text and op- 049

tions may contain flaws, as in Figure 1. Low-quality 050

MCQs annotated with one single correct option can 051

be common, however, the text and questions may 052

potentially point to none or multiple correct options. 053

There are contradictions between LLMs instruc- 054

tion following and the complexity of low-quality 055

datasets, which result in strong Hallucinations and 056

low accuracy, and such evaluations are lacking. 057

To address this, we formalize and quantify two 058

factors that influence LLM biases: (1) Datasets with 059

mixed question forms. (2) Different user instruc- 060

tion settings. By simulating the real-world scenarios 061

of users’ prompts inducing biases in LLM Reason- 062

ing, we establish a benchmark to evaluate LLMs’ 063

ability to output correct labels on datasets with mix 064

question forms, under various instruction settings. 065
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Figure 2: Illustrations of related work concepts. Although LLMs achieve an accuracy of 50% or higher, it is
attributed more to biases than comprehension. Knowledge Boundary and Instruction Settings indicate LLM biases
are influenced by both subjective and objective factors. Detailed Related Work is in Appendix B.

As shown in upper three pictures of Figure 2066

and (Zheng et al., 2024; Gupta et al., 2023), biased067

output distributions can lead to seemingly great accu-068

racy (e.g., answering one specific label can achieve069

50% or higher accuracy), however, as output dis-070

tributions do not align with datasets’ label distribu-071

tions, this only reflects biases and imbalanced accu-072

racy; Prior work on Abstention (Wen et al., 2025;073

Yin et al., 2023), Over-Caution (Cui et al., 2025;074

Sullutrone et al., 2025) and Over-Confidence (Geng075

et al., 2024) further proves problems arising these076

concepts. Meanwhile, many papers have explored077

the notion of the Knowledge Boundary (Lewis et al.,078

2020; Zhou et al., 2023), emphasizing LLMs should079

acknowledge uncertainty. We study these notions by080

mixing corresponding questions into our datasets,081

and study LLMs’ performances on our designed082

datasets under different instruction settings. The083

latter part is important since users may or may not084

know there are question forms mixture, thus prompt-085

ing methods may further induce biases (Li et al.,086

2025b). This evaluation is urgent for both LLM087

developers and dataset users.088

We formulate usual and exceptional label forms089

as Dense Labels and Sparse Labels based on us-090

age statistics in Appendix Table 5, and Instruction091

Boundary for studying different instruction settings092

in Table 1. Compared to the definition of Knowledge093

Boundary on whether LLMs know the exact answers094

or not, Instruction Boundary studying whether in- 095

structions cover necessary information matters too. 096

This highlights we consider the phenomenon from 097

both upstream sourcing and downstream processing. 098

Our work provides a holistic review of how in- 099

struction settings can lead to LLM biases on datasets 100

with mixed question forms, which not only analyzes 101

problems regarding LLMs biased annotation and 102

output, but also alerts users to choose proper instruc- 103

tion settings to mitigate biases, pointing to future 104

LLM trustworthiness development. In summary, our 105

contributions are three-fold: 106

▷ For low-quality datasets and large-scale LLM an- 107

notations, we study problems regarding mixed ques- 108

tion forms. LLMs are not able to distinguish ques- 109

tions with different label forms, which hinders the 110

usage of LLM-annotated datasets. 111

▷ For users’ instruction settings, we formulate In- 112

struction Boundary covering three situations: suffi- 113

cient, redundant and insufficient instructions. Un- 114

like prior work investigating individual sourcing of 115

prompt or label biases, we propose a unified frame- 116

work that evaluates LLMs’ biases from both user 117

instructions and various question forms mixture. 118

▷ By comparing BIASDETECTOR with related 119

benchmarks, we conclude how findings across differ- 120

ent work generalize, deepening our understandings 121

of LLM trustworthiness. Our work offers values for 122

both LLM developers and dataset users. 123
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Table 1: Instruction Boundary settings: classification of instruction settings with descriptions. Instruction Boundary
is divided into three categories: (1) Sufficient (2) Redundant, and (3) Insufficient Instructions. Each category is
further divided into sub-categories. Disturbing Miscellany is carried out separately, based on MMLU-Pro (Wang
et al., 2024b) with 10 options in total.

Sufficient-
Instructions Paradigm Examples

Vanilla Instructions are comprehensive with all
label forms and detailed guidance.

Which is the answer? True: (Definition...). False:
(Definition...). Unknown: (Definition...).

Reasoning-
Reflection

Collecting and inputting previous reason-
ing traces for LLM reflection.

Which is the answer? T:..., F:..., or Unknown:...
Also show each reasoning step. (Collects reasoning
traces for reflection.)

Prompt-
Polishing

Asking LLMs to polish up prompts to
improve understanding.

Which is the answer? T:..., F:..., or Unknown:...
(Prompt polished up by LLMs.)

Redundant-
Instructions Paradigm Examples

Conformity LLMs exhibit bias toward labels (dense
or sparse) that are explicitly in prompts.

Which is the answer? T:..., F:..., or Unknown:... I
think is .... (One dense or sparse label is directly
offered in instructions.)

Disturbing
Miscellany

Additional wrong options are included,
which increases distraction.

Which is the answer? ..... (Contains extra wrong
options in MCQs.)

Few-shot
Learning

LLMs are biased toward labels that are
presented in few-shot learning.

Which is the answer? T:..., F:..., or Unknown:....
Here is an example to learn from. (One example
with one dense or sparse label.)

Insufficient-
Instructions Paradigm Examples

Missing
Choices

Some question forms are omitted, caus-
ing biases towards available options.

Which is the answer? T:..., Unknown:... (One spe-
cific option is omitted.)

Vagueness Instructions cover all question forms but
lack detailed guidance.

Which is the answer? True, False, or Unknown.
(Detailed guidance is omitted.)

2 Phenomenon Formulation124

Instruction Boundary Instruction Boundary cov-125

ers three kinds: (1) Sufficient Instructions covers126

necessary information (i.e., all possible question127

forms, detailed guidance), where possible reasoning128

biases mainly arise from the LLMs’ internal tenden-129

cies. (2) Redundant Instructions with extra and130

more information, which can potentially misguide131

LLMs. (3) Insufficient Instructions that leave out132

specific and necessary information. As shown in133

Table 1, Instruction Boundary covers eight differ-134

ent experimental settings. Details, Templates are in135

Appendix C, M.136

Label Categorizations We classify question label137

forms into dense and sparse based on usage statis-138

tics in Appendix Table 5. Dense Labels are often139

seen and trained on; Sparse Labels are infrequently140

used and treated as exceptional forms. In our work,141

Table 2: Datasets categorizations, Judging Questions and
MCQs are tested separately. Sparse Labels are in bold.

Type Dataset Samples Form
Judging
Questions

FLD (Morishita et al., 2024) 600 T/F/Unknown
FOLIO (Han et al., 2022) 640

Multiple
-Choice
Questions
(MCQs)

ScienceQA (Lu et al., 2022b) 300

Single-correctMMLU (Hendrycks et al., 2021a) 300
TruthfulQA (Lin et al., 2022) 300
MMLU-Pro (Wang et al., 2024b) 900
CommonsenseQA (Talmor et al., 2019) 900 None-correct
MultiRC (Khashabi et al., 2018) 900 Multiple-correct

one correct option in MCQs and True, False labels 142

in Judging Questions are Dense Labels, whereas 143

none correct option, multiple correct options and the 144

unknown labels are categorized into Sparse Labels, 145

as shown in Table 2. Details are in Appendix A. 146

Datasets Our dataset covers two question types: 147

(1) Judging Questions: FLD (Morishita et al., 148

2024), and FOLIO (Han et al., 2022), contains True, 149

False, and Unknown labels (2) Multiple-Choice 150
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Result In

Factor

Alerting

Figure 3: General framework of our proposed framework BIASDETECTOR. First of all, we establish datasets with
mixed question forms and Instruction Boundary settings. Then we apply five LLMs from different families to
generate responses. Finally by testing their robustness and accuracy regarding tasks accuracy and output biases, we
evaluate problems and offer insights for both LLM developers and dataset users.

Questions (MCQs), containing samples from Sci-151

enceQA (Lu et al., 2022b), MultiRC (Khashabi et al.,152

2018), MMLU (Hendrycks et al., 2021a), MMLU-153

Pro (Wang et al., 2024b), CommonsenseQA (Talmor154

et al., 2019), TruthfulQA (Lin et al., 2022). First, we155

process both types of questions to fit the framework:156

(1) For Judging Questions datasets, these samples157

are labeled by dataset creators, and we did no re-158

vision. (2) For MCQs, questions with one correct159

option are considered to have Dense Labels, for none160

or multiple correct options are categorized as Sparse161

Labels. We extract 300 samples per dataset from162

ScienceQA, MMLU and TruthfulQA, representing163

samples with one correct option. We then extract164

900 samples from CommonsenseQA containing five165

options with one correct option, by deleting the cor-166

rect one we get samples with none correct option.167

For multiple correct options, we extract 900 sam-168

ples from MultiRC with four options with two cor-169

rect ones. Sampling seeds are all set to 42, revised170

samples are manually checked to ensure validness,171

examples are in Appendix S. Details are in Table 2.172

As we simulate question forms mixture, adding173

options like "None Correct" or "A and B are Cor-174

rect" does not meet real-world scenarios. LLMs175

should identify different forms based on the same176

instruction for each question, rather than being177

informed separately in options.178

3 Benchmark Metrics179

We introduce the metric of performance Accuracy:180

Acc =
1

|D|

|D|∑
i=1

1
(
yi = ŷi

)
(1)181

Further, we implement the following two metrics, 182

defining Stability Rate (SR) and Generalization 183

Rate (GR) as below, measuring the accuracy of two 184

label forms respectively: 185

SR =
1

|DD|
∑

yi∈DD

1
(
yi = ŷi

)
(2) 186

187

GR =
1

|DS |
∑

yi∈DS

1
(
yi = ŷi

)
(3) 188

For yi indicates the true label, ŷi is the predicted 189

label, and DD, DS mean datasets with dense and 190

sparse labels, which are 50% and 50% equally sam- 191

pled, and D indicates the whole dataset, from which 192

we can get DD ∪ DS = D. GR represents LLMs 193

identify Sparse Labels correctly, and SR for Dense 194

Labels. Since there are two sparse label forms in 195

MCQs, we further decompose its GR into GR1 and 196

GR2, measuring None Correct Option and Multiple 197

Correct Options. Beside, we study biases via output 198

distributions Output Rate (OR). We analyze out- 199

put label distributions of Judging Questions and 200

output option number distributions of MCQs: 201

ORD =
1

|DD|

|DD|∑
i=1

1
(
ŷi ∈ DD

)
(4) 202

203

ORS =
1

|DS |

|DS |∑
i=1

1
(
ŷi ∈ DS

)
(5) 204

ORD and ORS represents LLM output distributions 205

of Dense Labels and Sparse Labels. Outputting 206

one option in MCQs, or True and False labels in 207

Judging Questions are categorized into ORD, and 208

other output situations fall into ORS . 209
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Table 3: Results across seven settings except Disturbing Miscellany. Accuracy is presented with the Standard
Deviation (std) by running each setting four times repeatedly to mitigate randomness. Highest values are in bold.

Models Settings Judging Questions MCQs

Acc SR GR Acc SR GR1 GR2

GPT-3.5-turbo

Vanilla 48.75± 2.5 21.47 76.03 24.67± 1.3 62.00 12.00 0.00
Reasoning-Reflection 36.14± 1.3 31.51 40.78 33.56± 1.5 40.67 60.00 0.00
Prompt-Polishing 34.30± 1.3 9.16 59.44 21.33± 1.3 58.67 5.33 0.00
Conformity-Dense 50.00± 0.0 9.38 90.63 32.20± 1.8 83.33 13.33 0.00
Conformity-Sparse 50.47± 1.2 1.56 99.38 37.11± 1.8 11.33 100.00 0.00
Few shot-Dense 50.00± 0.0 99.38 0.63 35.60± 2.0 93.33 16.67 0.00
Few shot-Sparse 50.47± 0.0 1.56 99.38 52.25± 2.0 90.00 43.35 0.00
Missing Choices 34.76± 1.3 61.04 8.48 25.56± 2.8 64.00 12.67 0.00
Vagueness 38.32± 0.8 23.17 50.38 24.70± 2.2 73.30 0.70 0.00

GPT-4o

Vanilla 45.41± 2.1 63.49 27.32 35.60± 2.8 89.33 28.67 0.00
Reasoning-Reflection 40.07± 2.4 29.53 50.62 18.89± 2.0 16.67 40.00 0.00
Prompt-Polishing 48.86± 1.9 60.50 37.21 37.11± 2.0 89.33 19.33 2.67
Conformity-Dense 55.31± 1.9 62.19 48.44 40.00± 1.5 90.00 30.00 0.00
Conformity-Sparse 56.92± 1.9 20.60 93.24 44.00± 1.5 83.33 48.67 0.00
Few shot-Dense 56.12± 1.8 80.73 31.50 35.60± 1.5 93.30 13.30 0.00
Few shot-Sparse 63.13± 1.8 61.25 65.00 44.00± 1.5 98.00 34.00 0.00
Missing Choices 40.39± 2.4 38.09 47.69 40.89± 1.5 90.00 32.67 0.00
Vagueness 41.01± 2.2 12.28 69.75 32.70± 2.8 93.30 4.70 0.00

LLaMA-3.1-8B

Vanilla 51.87± 2.2 17.92 85.82 20.67± 2.2 55.33 4.67 2.00
Reasoning-Reflection 38.81± 1.5 57.70 19.93 15.33± 1.5 36.00 8.67 1.33
Prompt-Polishing 42.58± 0.8 50.28 34.88 7.78± 0.0 13.33 5.33 4.67
Conformity-Dense 30.47± 1.4 60.31 0.63 23.30± 2.8 56.70 13.30 0.00
Conformity-Sparse 50.00± 0.0 0.00 100.00 38.00± 2.8 50.67 60.00 3.33
Few shot-Dense 46.28± 1.2 77.40 15.15 26.22± 2.8 70.67 6.00 2.00
Few shot-Sparse 51.88± 1.2 5.63 98.13 38.00± 2.8 50.67 63.33 0.67
Missing Choices 47.91± 1.5 8.67 86.67 22.44± 0.8 59.33 5.33 2.67
Vagueness 29.21± 2.5 0.32 58.11 25.60± 1.5 75.30 0.70 0.70

Claude-3.7-
Sonnet

Vanilla 46.23± 1.8 40.13 52.33 7.78± 0.0 12.67 7.33 3.33
Reasoning-Reflection 45.73± 1.3 55.48 35.98 14.00± 1.5 16.67 24.67 0.67
Prompt-Polishing 57.21 ± 0.8 84.06 27.66 2.67± 0.0 1.33 5.33 1.33
Conformity-Dense 57.03± 1.2 33.75 80.31 10.00± 3.7 13.33 10.00 6.67
Conformity-Sparse 55.10± 1.2 18.70 91.49 3.78± 3.7 1.33 7.33 2.67
Few shot-Dense 54.10± 1.0 54.09 54.11 25.11± 1.8 52.67 21.33 1.33
Few shot-Sparse 49.84± 2.5 63.44 36.25 22.20± 1.8 55.00 5.00 6.65
Missing Choices 53.19± 1.5 26.32 80.07 9.78± 1.8 14.67 11.33 3.33
Vagueness 51.20± 0.9 45.34 57.07 30.20± 2.5 88.70 2.00 0.00

Gemini-2.0-
Flash

Vanilla 51.81± 1.8 36.99 66.62 35.00± 1.8 84.85 18.18 2.94
Reasoning-Reflection 40.84± 1.6 39.81 41.87 36.00± 2.5 60.67 45.33 2.00
Prompt-Polishing 35.40± 1.6 0.50 70.31 10.44± 0.0 18.67 7.33 5.33
Conformity-Dense 35.00± 2.2 56.25 13.75 48.90± 1.8 90.00 56.70 0.00
Conformity-Sparse 51.20± 2.2 4.68 97.70 50.00 ± 1.8 65.33 84.67 0.00
Few shot-Dense 54.51± 2.5 88.23 18.31 42.67± 1.5 87.33 40.67 0.00
Few shot-Sparse 57.34± 1.5 17.19 78.13 42.67± 1.5 87.33 40.67 0.00
Missing Choices 45.79± 0.8 31.30 60.28 36.00± 2.8 87.88 21.21 0.00
Vagueness 40.73± 1.5 19.49 61.96 31.60± 1.8 90.70 4.00 0.00

4 Experiments210

4.1 Experimental Setup211

Models As in (Ling et al., 2025), although larger212

parameter LLMs show better performances, they213

are willing to output unknown. We test closed and214

open-source LLM families, including Claude-3-7-215

Sonnet (Anthropic, 2024), Gemini-2.0-Flash (Deep-216

Mind, 2024), LLaMA-3.1-8B (Touvron et al.,217

2023b), GPT-3.5-turbo and GPT-4o (OpenAI, 2023, 218

2025). Tested models use Temperature = 0.5 unless 219

specified; Qwen-2.5-7b (Bai et al., 2023) used as 220

a LLM judge runs with T=0, and we apply testing 221

cases to prove its validness. Since the LLM judge 222

deals with exceptional cases when label names 223

in Judging Questions or option indexes in MCQs 224

failed to match, the usage is small (below 5%) and 225

biases are minor. Details are in Appendix D.1. 226
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Experimental Settings As in Table 1, we test227

LLMs under Instruction Boundary settings to quan-228

tify biases attributed to both instructions and datasets229

with mix question forms, except for the Vanilla set-230

ting served as a baseline. Judging Questions and231

MCQs are tested separately to better simulate real-232

world scenarios. Case studies are in Appendix P.233

4.2 General Experimental Results234

As shown in Figure 3, tested LLMs show poor per-235

formance as the accuracy lies in the range of 35% to236

60%. Claude-3.7-sonnet, GPT-4o shows the highest237

average Acc. Meanwhile, LLMs show high insta-238

bility and reasoning gap between dense and sparse239

labels since the gap between SR and GR is high.240

The value of GR2, which is the accuracy in multiple241

correct options, are mostly less than 5%, indicating242

a strong Over-Caution behavior.243

For Judging Questions, the SR is generally lower244

than GR, indicating given the Unknown option,245

LLMs are inclined to this rather than outputting246

True or False. This situation is slightly better for247

GPT-4o and Claude-3.7-Sonnet, as the gap between248

two metrics is relatively low. We also observe in-249

stability in GPT-3.5-turbo, as SR and GR values250

are completely different in Conformity and Few-shot251

Learning, showing strong biases if being misguided.252

Reasoning on MCQs demonstrates an opposite be-253

havior, as SR is overall higher than GR1 and GR2,254

LLMs are good at answering questions with one255

correct option over others, and this gap is extremely256

huge for GPT-4o and Gemini-2.0-Flash. We also257

observe a trade-off for these models: Being better at258

reasoning Judging Questions means worse stability259

facing MCQs.260

Significance Testing By comparing the results of261

the Vanilla setting with other biased settings, we262

gain better understanding of how instruction settings263

influence LLMs. As in Figure 5, some cause serious264

accuracy drop, and others result in a seemingly good265

accuracy with a biases shifting. Overall, we can266

see Vagueness, Reasoning-Reflection and Disturbing267

Miscellany influence accuracy the most.268

4.3 Results on Sufficient Instructions269

Prior work (Zheng et al., 2024; Fei et al., 2023)270

demonstrated LLMs show biases towards specific271

labels, and self-reflection (Xu et al., 2024), prompt272

polishing can induce biases and instability (Jakesch273

et al., 2023). But LLMs’ ability of distinguishing274

question forms mixture are rarely tested.275

Vanilla Setting As illustrated in the right two pan- 276

els of Figure 4, LLMs exhibit explicit and unified 277

bias even when instructions cover all possible ques- 278

tion forms: for Judging Questions, LLMs are in- 279

clined to output Unknown and True. For MCQs, 280

outputting one single choice takes up a significant 281

amount, indicating strong and unified biases towards 282

specific labels, and simply including all necessary 283

elements for LLMs to choose from is not enough for 284

mitigating biases. 285

Reasoning-Reflection As in Table 3, while this 286

setting can narrow the gap between SR and GR, it 287

yields mostly accuracy drop, indicating LLM reflect- 288

ing on previous reasoning traces is problematic. 289

Prompt-Polishing Users like to polish up prompts 290

by LLMs. We input prompts in Vanilla setting into 291

GPT-4o and ask LLMs to polish up them, templates 292

are in Appendix O. We observe a wide accuracy 293

drop among all models, ranging from 5% to 30%. 294

Meanwhile, most LLMs demonstrate a larger gap be- 295

tween SR and GR compared with the Vanilla setting, 296

indicating this setting is likely to induce biases. 297

Even with complete instruction coverage, LLMs 298

continue to exhibit consistent biases, suggesting the 299

performances on mixed question forms is weak, and 300

the ability to adaptively reason needs improvements. 301

4.4 Results on Redundant Instructions 302

LLMs show biases towards few-shot examples was 303

addressed in (Zhao et al., 2021; Reif and Schwartz, 304

2024; Si et al., 2023a), meanwhile, conformity ef- 305

fects are researched in (Zhu et al., 2024; Shoval et al., 306

2025; Sharma et al., 2025), and robustness on op- 307

tion numbers misguidance is in (Zhang et al., 2024c). 308

However, biases facing mixed question forms is still 309

under-explored. To the best of our knowledge, we 310

are the first to compare Few-shot Learning with Con- 311

formity and extra options in MCQs to study biases, 312

and we further sub-categorize Few-shot Learning 313

and Conformity based on included label forms. 314

Few-shot Learning As in Table 3, compared to 315

the Vanilla setting, Few-shot learning leads to an ac- 316

curacy gain, but the value of SR and GR are largely 317

changed. Details are in Appendix H. We include 318

examples with either sparse or dense labels and 319

compare differences, Figure 5 shows that example 320

labels can trigger huge biased output. LLM perfor- 321

mance gain is largely attributed to bias shifts rather 322

than understanding. The ability cannot be improved 323

via imitations since performances are unstable. 324
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Figure 4: Results of Accuracy under Disturbing Miscellany setting, accuracy is dropping as option number is
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Figure 5: Accuracy differences comparing biased settings with the Vanilla setting, and Significance Testing. *: p <
0.05 (95% confidence); **: p < 0.01 (99% confidence), ***: p < 0.001 (99.9% confidence). Detailed results on
MCQs under Conformity and Few-shot settings (Right Six). OR−Diff = |ORD - ORS |. Details are in Section 3.

Conformity LLM biases can be extremely high325

when labels are given directly. Figure 3 indicates326

that even though accuracy doesn’t change much,327

the gap between SR and GR is even higher com-328

pared with other settings. Details of OR are in Fig 5,329

charts 2 and 3 demonstrate a higher OR shift in330

most LLMs regarding both dense and sparse labels.331

LLMs demonstrate much higher conformity regard-332

ing Sparse Labels like Unknown, compared with333

Dense Labels. We also quantify how (OR) varies un-334

der three temperature settings: T ∈ {0.0, 0.5, 1.0}.335

As in Figure 5, takeaways regarding temperature336

changes is same for both Few-shot and Conformity:337

merely revising T yields limited gains, and larger338

temperatures tend to introduce greater instability.339

Disturbing Miscellany We investigate how the340

number of wrong options (i.e., information re-341

dundancy) affects accuracy. We choose MMLU-342

Pro (Wang et al., 2024b), MCQs consisting one true343

option and nine false options per sample. We save 344

N numbers of wrong options to quantify how redun- 345

dant information influences performances, N ranges 346

from one to nine. As in Figure 4, most LLMs show 347

a slight drop in accuracy, except for outdated mod- 348

els like GPT-3.5-turbo demonstrating a high decline, 349

others maintain high robustness when N increases. 350

This setting proves LLMs’ resistance to redundancy 351

is strong. As Conformity induces the most seri- 352

ous biases, Few-shot Learning ranks the second, 353

and Disturbing Miscellany the last. We empirically 354

show that Conformity effects result from expression 355

tuning rather than redundant information. 356

4.5 Results on Insufficient Instructions 357

Prior research on prompt vagueness (Si et al., 2023b) 358

and missing options (Góral et al., 2025; Cao et al., 359

2024a) show that LLM performances are largely in- 360

fluenced by prompts, but mixed question forms are 361
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rarely tested. This setting is for simulating users362

not knowing question forms mixture in datasets, and363

test whether LLMs can independently reason un-364

der biased instruction settings. For Vagueness and365

Missing Choices, omitting either guidance or Sparse366

Label options result in huge accuracy drop. The367

primary bottleneck is the ability to think indepen-368

dently. Ideally, even if specific options are omitted369

in prompts, LLMs can still answer correctly.370

5 Leaderboard Analysis371

We compare LLM rankings among related bench-372

marks. Our metric is the harmonic mean of GR and373

SR, denoted as Robustness Score (RS):374

RSM =
3 · SR ·GR1 ·GR2

SR ·GR1 + SR ·GR2 +GR1 ·GR2

(6)375376

RSJ =
2 · SR ·GR

SR+GR
,RS =

1

2
(RSM +RSJ) (7)377

Judging Questions and MCQs are calculated sepa-378

rately then average. Table 2 shows GR and SR are379

calculated based on equal numbers of samples.380

We select open-sourced benchmarks (1) Mea-381

sured by Accuracy: (Li et al., 2023a), (Bang et al.,382

2025), (Lin et al., 2022), (Li et al., 2024a), (Xu383

et al., 2025a) (2) Measured by Macro-F1: (Li et al.,384

2024c). As in Figure 6, our findings mostly align385

with prior work. For the Vanilla setting, Gemini-386

2.0-Flash offers the greatest cost-efficiency, as the387

performance ranks first with lower costs compared388

to GPT-4o and Claude-3.7-Sonnet.389

6 Discussion 390

We offer three advice for problem mitigation: (1) 391

We design a prompt template and run experiments 392

in Appendix F to ease biases. (2) LLMs perform 393

poorly on mixed question forms, making datasets 394

manual verifications necessary. (3) MoE (Mixture- 395

of-Experts) structures (Mu and Lin, 2025) which 396

are suitable for various but interrelated tasks is a 397

promising way to fundamentally solve this problem. 398

7 Conclusion 399

We establish a dataset containing both Judging Ques- 400

tions and MCQs with mixed question forms. By 401

evaluating LLMs’ ability to adaptively answer cor- 402

rect labels under three instruction settings: suffi- 403

cient, redundant and insufficient, we systematically 404

quantify LLM weaknesses as they neither think in- 405

dependently under different instruction settings, nor 406

adaptively distinguish mixed question forms. Un- 407

like prior work, we do not revise options to include 408

these forms, instead we test LLMs based on unified 409

instructions to identify forms mixture themselves. 410

Sufficient instructions still introduce biases despite 411

detailed guidance, whereas redundant and insuffi- 412

cient instructions amplify biases, proving the neces- 413

sity of manual verification for low-quality datasets, 414

and alerts users of instruction settings selection. To 415

the best of our knowledge, we are the first to system- 416

atically evaluate LLMs under this setting, offering 417

value for LLM trustworthiness developments. 418
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8 Limitations419

Although we address three categories of prompt cov-420

erage problems, our work does not consider main-421

stream workflows such as LLM agents or RAG sys-422

tems. Moreover, our study focuses primarily on423

language-related tasks, leaving vision-related chal-424

lenges outside the scope of this paper. Besides, for425

real-life applications, user prompt forms may be var-426

ied and noisy, leaving the final performance insta-427

ble. Unified analysis regarding different elaboration428

forms is valuable but too large to be examined.429

9 Ethical Considerations430

All datasets are publicly available for non-431

commercial research. FLD is an entirely synthetic432

dataset; FOLIO, ScienceQA, MMLU, Common-433

senseQA, TruthfulQA, MMLU-Pro, and MultiRC434

derive from publicly available open educational re-435

sources and contain no personally identifiable infor-436

mation (PII). No additional human data were col-437

lected, so the study does not require Institutional438

Review Board (IRB) review.439
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A Dataset Details892

A.1 Overview893

The benchmark is carried out on the following four894

publicly available reasoning datasets:895

• FLD Morishita et al. (2024) is a synthetic Fact-896

based Logical Deduction corpus comprising multi-897

step deductive problems derived from first-order898

predicate logic axioms. Each instance is labeled as899

True, False, or Unknown, enabling fine-grained900

evaluation of logical consistency.901

• FOLIO Han et al. (2022) contains 1,430 human- 902

curated, open-domain statements with paired first- 903

order-logic proofs. The task is to decide whether 904

a conclusion is Proved, Disproved, or Unknown, 905

which aligns well with FLD formats, making it a 906

realistic testbed for natural-language reasoning. 907

• ScienceQA Lu et al. (2022b) provides 21,208 908

Single-choice Science Questions drawn from K–12 909

curricula. Roughly 49% include an image context, 910

48% a text context, and 31% both; every question 911

has a grounded lecture and an explanation, facil- 912

itating evaluation of single-choice reasoning and 913

interpretability. 914

• MMLU Hendrycks et al. (2021a) is the stan- 915

dard Massive Multitask Language Understand- 916

ing benchmark: 15,908 four-choice multiple-choice 917

questions spanning 57 academic and professional 918

disciplines. It measures a model’s broad knowledge 919

and problem-solving ability in both zero- and few- 920

shot settings. 921

• MMLU-Pro Wang et al. (2024b) extends the orig- 922

inal MMLU benchmark by (i) filtering out trivial 923

items and (ii) expanding each question’s answer set 924

from 4 to 10 options. The resulting collection 15,000 925

questions across 57 subjects) substantially lowers 926

random-guess accuracy and stresses multi-step rea- 927

soning. 928

• CommonsenseQA Talmor et al. (2019) is a Com- 929

monsense Multiple-Choice QA benchmark built 930

from ConceptNet relations. It contains 12,102 ques- 931

tions, each paired with 5 answer options (1 correct 932

+ 4 distractors) that are designed to be semantically 933

plausible, making it a strong testbed for common- 934

sense reasoning beyond surface word matching. 935

• TruthfulQA Lin et al. (2022) is a benchmark for 936

evaluating Truthfulness in QA under common mis- 937

conceptions. It includes 817 questions spanning 938

diverse domains (e.g., health, law, finance, politics), 939

and measures whether a model avoids producing an- 940

swers that imitate widespread false beliefs, typically 941

using both free-form generation and multiple-choice 942

evaluation protocols. 943

• MultiRC Khashabi et al. (2018) is a Multi- 944

Sentence Reading Comprehension dataset with 945

questions that may have multiple correct answers. 946

Each instance consists of a passage, a question, and 947

a set of candidate answers, where the task is to judge 948

each candidate as True (correct) or False (incorrect). 949

This format targets compositional reasoning over 950

several sentences and supports fine-grained evalua- 951

tion of multi-answer understanding. 952
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Table 4: Comparison of Knowledge Boundary benchmarks for LLMs and MLLMs. Symbols denote levels of
support ( : fully implemented, G#: partially implemented, #: not implemented).

Name
Coverage Performance Granularity

Various
Forms

Difficulty-
Hierarchy

Supplement
& Expansion

Stability
General-
ization

Bias
Sensitivity

Robustness
External-

Eval
Holism Diversity

TruthfulQA (Lin et al., 2022) # # G# G#  G# # #  G#

POPE (Li et al., 2023b)  #    G# G# # # G#

HaluEval (Li et al., 2023a) # G#  #  G# G# # # G#

Abstain-QA (Madhusudhan et al., 2024) # G# G# #   # G# # G#

AMBER (Wang et al., 2024a)  G#     G#  G#  

HallusionBench (Guan et al., 2024)  G# G# G#   G#  G#  

HaloQuest (Wang et al., 2024c)  G#  G#  G# G# G# G#  

LongHalQA (Qiu et al., 2024)  G#     G# G# # G#

AttributionBench (Li et al., 2024c) # # #   G# #  # #

RAGTruth (Niu et al., 2024) # G# G# #  G# # G# # G#

HalluLens (Bang et al., 2025) # G#      G#   

VidHalluc (Li et al., 2025a)  G#      G# G#  

PhD (Liu et al., 2025)  G#  G#   G# G#   

BIASDETECTOR (Ours)           

Table 5: Percentage of Sparse Labels (“Unknown”, “None Correct Option”) and the count of “Multiple Correct
Options” across representative reasoning datasets. CommonsenseQA and TruthfulQA contain no Sparse Labels.

Dataset Question Type Domain / Task Total Unknown (%)
None Correct
Option (%)

Multiple Correct
Options

FLD (Morishita et al., 2024)
True / False / Unknown

Logical (Deduction) 1 100 100 (9.1) — —

FOLIO (Han et al., 2022) Logical (Reasoning) 1 430 ∼470 (∼33) — —

MMLU (Hendrycks et al., 2021a)

Single-choice

Multitask exam (57 subj.) 14 042 — 352 (2.5) —

ScienceQA (Lu et al., 2022a) Science QA (Single-choice) 21 208 — ∼500 (∼2–3) —

CommonsenseQA (Talmor et al., 2019) Commonsense reasoning 12 102 — 0 (0) —

TruthfulQA (Lin et al., 2022) Mis-/disinformation detection 817 — 0 (0) —

MultiRC Khashabi et al. (2018) Multiple-choice (multi-ans.) Multi-sentence reading comp. 9 872 — — 9 872

A.2 Labels Categorization Details953

As we introduced the ideation of Dense/Sparse La-954

bel categorizations in Section 2, in this section we955

systematically analyze and survey the approximate956

percentage of samples contain Sparse Labels take957

up in the whole field. As shown in Table 5, even958

though Sparse Labels are not commonly seen in959

normal datasets, they still plays an important role960

in reasoning and thinking paradigms. Meanwhile,961

researching the generalization ability can be further962

used for user preference studying, as offering biased963

and flawed advice maybe included in users’ prompt964

in wide applications.965

A.3 Sample Processing Details966

To construct the 4-choice, 2-answer multiple-choice967

questions from MultiRC (Khashabi et al., 2018), we968

extract questions and their answer options from the969

original dataset, where each answer is labeled with970

a binary isAnswer flag indicating correctness. We971

filter the dataset to retain only questions that have972

exactly four answer options and exactly two cor-973

rect answers (i.e., two options with isAnswer=true). 974

The options are then prefixed with numerical indices 975

(0, 1, 2, 3) to standardize the format. This filtering 976

process ensures that each question presents a bal- 977

anced multiple-choice scenario with two correct op- 978

tions among four alternatives, suitable for evaluating 979

models’ ability to identify multiple correct answers 980

simultaneously. 981

For Judging datasets like FLD and FOLIO, we 982

directly extract 50% of samples with True and False 983

labels combined, and Unknown label for the rest 984

50%. As the labeling are done by dataset creators, 985

we did not introduce any bias. However, for Sin- 986

gle, None and Multi correct options MCQs, we 987

did no large revisions on samples themselves, only 988

conservative labeling and option deleting, and ap- 989

plied manual verifications to ensure semantic coher- 990

ence. Since we simulate the scenarios of low-quality 991

datasets, we are creating samples that themselves 992

containing biases that maybe hard to discover for 993

users, so this setting is valid. We demonstrate sam- 994

ples in our used datasets in Appendix S. 995
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B Related Work996

As shown in table 4, our proposed framework has997

comprehensively evaluates this phenomenon exceed-998

ing related work among eight dimensions within999

three main categories, serving as an effective and1000

comprehensive baseline for evaluating Instruction1001

Boundary phenomenon. From the experimental re-1002

sults, we derive empirical findings for these settings.1003

Besides, we also carry out Benchmark-wise leader-1004

board comparisons to demonstrate whether our find-1005

ings are aligned with insights from other papers.1006

Refer to Appendix B for detailed information.1007

B.1 Introduction1008

LLM Reasoning State-of-the-art reasoning stems1009

from prompt-engineering advances such as chain-of-1010

thought (Wei et al., 2022), self-consistency (Wang1011

et al., 2023), program-aided logic (PAL) (Gao1012

et al., 2023) and tool-augmented approaches like1013

REACT (Yao et al., 2023). Datasets range from1014

grade-school math GSM8K (Cobbe et al., 2021),1015

MATH (Hendrycks et al., 2021b), and BBH (Suz-1016

gun et al., 2022) to first-order-logic suites FLD/-1017

FOLIO and single-choice ScienceQA (Lu et al.,1018

2022a). Our benchmark targets a complementary1019

axis—instruction boundaries—showing that even1020

strong reasoners falter when critical options are1021

omitted or contradictory.1022

LLM Trustworthiness Alignment pipelines span1023

supervised fine-tuning, RLHF (Ouyang et al., 2022),1024

RLAIF in Llama-2 (Touvron et al., 2023a), and1025

reward-free DPO (Rafailov et al., 2024). Safety-1026

focused variants include many frameworks: iterative1027

red-teaming (Ganguli et al., 2022), Constitutional1028

AI (Bai et al., 2022), and inference-time filters such1029

as LLAMA-GUARD (Inan et al., 2023) or SAFECOM-1030

PLETION (Sun et al., 2023). Holistic evaluations1031

(HELM (Liang et al., 2022), TrustLLM (Cheema1032

et al., 2024)) reveal residual hallucinations and over-1033

confidence on benign inputs. We expose an orthogo-1034

nal hazard: biased or erroneous answers triggered1035

by incomplete instructions, underscoring the need to1036

couple alignment with coverage-aware calibration.1037

Hallucination & Abstention A growing body1038

of benchmarks has emerged to evaluate hallucina-1039

tion detection and abstention quality in language1040

models. Early efforts in this field such as TRUTH-1041

FULQA (Lin et al., 2022) laid the foundation1042

by probing model truthfulness, while subsequent1043

benchmarks have expanded in scope and modal-1044

ity. For example, POPE (Li et al., 2023b) and 1045

HALUEVAL (Li et al., 2023a) explore model consis- 1046

tency and hallucination severity, while more recent 1047

datasets like ABSTAIN-QA (Madhusudhan et al., 1048

2024) and AMBER (Wang et al., 2024a) empha- 1049

size calibrated abstention and grounded reasoning. 1050

Other works such as the recent one HALLUSION- 1051

BENCH (Guan et al., 2024), HALOQUEST (Wang 1052

et al., 2024c), and LONGHALQA (Qiu et al., 2024) 1053

tackle domain-specific or long-context hallucination 1054

challenges. More recent contributions like ATTRI- 1055

BUTIONBENCH (Li et al., 2024c), RAGTRUTH (Niu 1056

et al., 2024), and PHD QA (Liu et al., 2025) continue 1057

to push the boundary of attribution and factual con- 1058

sistency, even extending to multimodal scenarios as 1059

seen in VIDHALLUC (Li et al., 2025a) and model in- 1060

trospection in HALLULENS (Bang et al., 2025). Be- 1061

yond supervised benchmarks, zero-resource meth- 1062

ods such as SELFCHECKGPT (Manakul et al., 2023) 1063

offer scalable alternatives for automatic hallucina- 1064

tion auditing without reliance on labeled samples. 1065

Knowledge Boundary & Uncertainty Analysis 1066

Early efforts framed the knowledge boundary of 1067

LLMs as the parametric frontier beyond which hal- 1068

lucinations spike; recent work formalizes the con- 1069

cept and proposes dedicated probes. (Li et al., 1070

2024b) synthesize taxonomy and open challenges, 1071

whereas (Yin et al., 2024) and (Wen et al., 2024) con- 1072

struct benchmarks that search for prompt-sensitive 1073

knowledge limits. Complementary methods such as 1074

projected-gradient attacks or semi-open questions 1075

further stress-test factual recall (Zhang et al., 2024b). 1076

On the orthogonal axis of predictive uncertainty, 1077

empirical studies quantify epistemic and aleatoric 1078

risks in in-context learning (Ling et al., 2024) and 1079

provide broader taxonomies of UQ techniques for 1080

LLMs (Shorinwa et al., 2024). A recent position 1081

paper argues that classic dichotomies of uncertainty 1082

underestimate interactive agent settings (Tranchero 1083

et al., 2025). Our benchmark extends this line by 1084

unifying knowledge-coverage gaps with instruction 1085

incompleteness, exposing failure regimes where ab- 1086

stention should be favored over confident guesses. 1087

Biases & Conformity Beyond demographic 1088

stereotypes, LLMs inherit a spectrum of cognitive 1089

and social biases. Anchoring bias has been quanti- 1090

fied across LLMs from different families like GPT- 1091

4, Claude-2, and Gemini-Pro (Lou and Sun, 2024). 1092

Large-scale audits such as SALT (Arif et al., 2024) 1093

and the Nature study on social-identity bias (Hu 1094

et al., 2025) show persistent preference gaps across 1095
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gender, race, and religion. Under group pressure,1096

single-turn experiments reveal majority-aligned re-1097

sponses (Zhu et al., 2024), while the multi-agent1098

benchmark BenchForm (Weng et al., 2025) high-1099

lights escalation of conformity in these settings.1100

These converging findings motivate our design: we1101

examine how biased instructions magnifies anchor-1102

ing and conformity, and evaluate calibration strate-1103

gies that tackle knowledge gaps and bias simultane-1104

ously.1105

LLM Question Answering Recent work has be-1106

gun to move beyond single-answer MCQ evaluation1107

by explicitly targeting select-all-that-apply (SATA)1108

settings, where multiple options may be correct. For1109

example, SATA-BENCH shows that even strong1110

LLMs struggle with multi-answer selection due to1111

systematic choice and count biases, and proposes1112

decoding-time mitigation for more complete selec-1113

tion (Xu et al., 2025a). In parallel, several studies1114

reveal that LLM performance on MCQs is highly1115

sensitive to option-level perturbations, such as re-1116

ordering choices (Pezeshkpour and Hruschka, 2023)1117

and even the evaluation protocol itself (Molfese1118

et al., 2025). More directly aligned with our fo-1119

cus on imperfect option sets, recent work studies1120

scenarios where all provided options are incorrect,1121

highlighting the tension between helpfulness and1122

critical rejection (termed reflective judgment) (Góral1123

et al., 2025). While these lines acknowledge that1124

option completeness and correctness can substan-1125

tially affect model behavior, they typically examine1126

a single failure mode in isolation. In contrast, our1127

work provides a controlled, unified framework that1128

systematically varies label sparsity and option com-1129

pleteness (complete vs. insufficient/redundant), and1130

evaluates models across heterogeneous question for-1131

mats (e.g., per-candidate verification vs. MCQs),1132

thereby enabling direct comparisons of robustness1133

and bias under realistic instruction defects.1134

Comparisons with Related Work The proposed1135

“Instruction Boundary” taxonomy classifies prompts1136

into sufficient, redundant, and insufficient categories.1137

However, the paper does not compare this frame-1138

work with existing research on label bias and cali-1139

bration. For example, (Fei et al., 2023) systemati-1140

cally categorized biases in in-context learning (ICL)1141

into vanilla-label, context-label, and domain-label,1142

and proposed a domain-context calibration method1143

using randomly sampled domain words to quantify1144

such biases. Their experiments showed that label1145

bias can degrade LLM performance to near-random1146

levels, while calibration significantly improves (Yu 1147

and Ananiadou, 2024; Xu et al., 2025b) further ex- 1148

plain majority label bias and recency bias in ICL 1149

from the perspective of attention mechanisms. They 1150

found that similarity computations in the query-key 1151

matrix lead to a preference for frequent labels and 1152

proposed two simple methods—attention reweight- 1153

ing and positional embedding removal—that reduce 1154

majority and recency bias by 22% and 17%, re- 1155

spectively. In addition, the paper overlooks re- 1156

cent progress in confidence calibration. Xu et 1157

al. (2025) observed that LLMs suffer from se- 1158

vere confidence mis-calibration in multiple-choice 1159

QA—being under-confident in correct answers and 1160

over-confident in wrong ones—and proposed a Self- 1161

Ensemble method that groups and ensembles option 1162

predictions to mitigate this issue without extra data. 1163

(Zhang et al., 2024a) decomposed confidence into 1164

“question uncertainty” and “answer faithfulness,” 1165

proposing the UF Calibration framework that signif- 1166

icantly improves calibration in RLHF models across 1167

four datasets:contentReference[oaicite:3]index=3. 1168

Regarding multi-answer evaluation, SATA- 1169

Bench (Xu et al., 2025a) shows that existing LLMs 1170

achieve only about 41.8% accuracy on “Select All 1171

That Apply” (SATA) tasks, with performance gaps 1172

mainly due to selection bias and count bias. Their 1173

“Choice Funnel” decoding strategy boosts accu- 1174

racy by around 29%. Lastly, (Baumann et al., 1175

2025) quantified “LLM hacking” risks in annotation 1176

pipelines, showing that small variations in model 1177

selection or prompt phrasing can induce 31–50% 1178

false positive or false negative annotations, calling 1179

for strict verification when using LLMs as label- 1180

ers. These works directly relate to prompt-induced 1181

biases and labeling risk; failure to discuss or bench- 1182

mark against them weakens the novelty and clarity 1183

of the present contribution. 1184

C Experiment Details 1185

In this part, we introduce how the prototype of each 1186

setting come about, and how we systematically warp 1187

them up into the framework. Detailed prompt tem- 1188

plates are available in Appendix N. 1189

▷ Redundant Instructions: The phenomenon of 1190

addition bias shows that LLMs often generate more 1191

content than necessary, leading to verbose or ram- 1192

bling outputs. Santagata and De Nobili systemati- 1193

cally analyzed this bias and observed that models 1194

trained on large text corpora tend to produce an- 1195

swers much longer than required across a variety of 1196
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tasks, even when shorter answers suffice (Santagata1197

and De Nobili, 2024). Such redundant instructions1198

can interfere with reasoning by introducing irrele-1199

vant details, highlighting the need for techniques1200

that encourage concise generation.1201

▷ Missing Option: Data contamination and mem-1202

orization can cause LLMs to infer missing options1203

even when the correct answer is absent. A protocol1204

called Testset Slot Guessing masks one option in a1205

multiple-choice question and asks the model to fill1206

the gap; commercial models correctly guessed the1207

missing guidance more than half the time (Anony-1208

mous, 2023). Separate work shows that when all pre-1209

sented options are incorrect, LLMs often still pick an1210

answer and performance drops dramatically (Góral1211

and Wiśnios, 2024). These findings suggest that1212

models may rely on spurious patterns rather than1213

recognizing when no option applies.1214

▷ Vagueness: LLMs are acutely sensitive to1215

prompt phrasing. The RobustAlpacaEval bench-1216

mark reveals that semantically equivalent prompts1217

can yield wide performance swings; for instance,1218

Llama-2-70B-chat’s worst prompt accuracy was1219

over 45 points lower than its best (Cao et al., 2024b).1220

Minor alterations in format without semantic change1221

can substantially degrade performance, and existing1222

prompt-engineering techniques offer limited relief1223

in these worst cases. Complementary work shows1224

that only half of the performance gains from up-1225

grading models stem from the new models them-1226

selves; the other half comes from users refining their1227

prompts (Murray, 2025). Moreover, automatically1228

rewriting prompts can backfire by inserting unin-1229

tended details and reducing task quality (Murray,1230

2025). Together, these studies emphasize that vague1231

or poorly specified instructions can distort reasoning1232

accuracy and that prompt clarity is crucial.1233

▷ Few-shot Learning: In-context learning with few1234

examples can induce predictive bias. Ma et al. show1235

that few-shot prompts exhibit high instability: per-1236

formance varies with the choice, order and format-1237

ting of examples (Ma et al., 2023). They introduce1238

a metric to quantify the predictive bias of a prompt1239

and demonstrate that prompts with higher bias lead1240

to worse predictive quality (Ma et al., 2023). A1241

greedy search over prompt candidates can identify1242

lower-bias prompts and improve few-shot perfor-1243

mance. These results highlight that LLMs may fa-1244

vor labels appearing in the few-shot examples and1245

underscore the need for balanced, representative1246

demonstrations.1247

▷ Conformity: LLMs replicate human-like re-1248

sponse biases such as recency and thus favor the 1249

last option presented—a recency bias—even when 1250

they vary paraphrasing or ordering (Rupprecht et al., 1251

2025). This bias persists across model sizes and 1252

underscores the importance of prompt design and 1253

robustness testing (Rupprecht et al., 2025). Confor- 1254

mity also arises when models align with majority or 1255

initial cues; addressing conformity requires bench- 1256

marks and mitigation strategies that explicitly probe 1257

positional biases and anchoring effects (Lou and 1258

Sun, 2024; Zhu et al., 2024; Shoval et al., 2025; 1259

Weng et al., 2025). 1260

▷ Prompt Polishing: Hidden or rewritten prompts 1261

can introduce unintended biases. Neumann et al. 1262

highlight that system-level directives—unseen by 1263

end users—take precedence over user instructions 1264

and can create representational and assign biases 1265

across demographic groups (Neumann et al., 2025). 1266

Because deployments can append additional system 1267

prompts without mutual visibility, these layers of 1268

instructions may interact in unpredictable ways and 1269

produce downstream harms (Neumann et al., 2025). 1270

Similarly, automatic prompt rewriting intended to 1271

help users can conflict with their intent and degrade 1272

performance by adding extraneous details (Murray, 1273

2025). These results caution against naive prompt 1274

polishing and motivate transparent, user-controlled 1275

instruction design. 1276

▷ Reasoning-Reflection: Reminding the model of 1277

previous wrong answering to reduce bias through 1278

LLM reflection. The B-score metric compares the 1279

distribution of answers in single-turn and multi-turn 1280

conversations; biases such as a preference for a par- 1281

ticular number diminish when the model takes its 1282

own history into account (Vo et al., 2025). For in- 1283

stance, GPT-4o strongly favors the number 7 in 1284

single-turn random-choice questions, but in multi- 1285

turn settings it alternates answers and achieves a 1286

uniform distribution (Vo et al., 2025). This unsuper- 1287

vised approach requires no labeled data and demon- 1288

strates that maintaining response history enables 1289

models to self-correct and mitigate biases. Such 1290

findings suggest that multi-turn dialogue and explicit 1291

reflection can be leveraged to improve calibration 1292

and fairness in LLMs. 1293

D Experiment Details 1294

D.1 Output Identifications 1295

Keyword Matching List As shown in Ap- 1296

pendix R, we first employ keyword matching to 1297

categorize the outputs. Most of them are related 1298
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Table 6: Detailed Accuracy of the left picture in Figure 4, showing LLMs’ robustness against Disturbing Miscellany
setting. Highest values are marked darker.

Model
Accuracy regarding False Choices Numbers (%)

1 2 3 4 5 6 7 8 9

gpt-3.5-turbo 84.00 84.33 77.33 75.67 74.33 76.33 73.67 73.00 71.33
gpt-4o 98.67 97.00 96.33 97.00 97.00 97.33 96.00 96.00 96.67
llama-3.1-8b 96.67 95.33 96.33 95.00 95.67 95.33 95.00 94.00 95.33
claude-3.7-sonnet 100.00 99.67 99.67 100.00 98.33 99.00 99.33 98.67 98.33
gemini-2.0-flash 100.00 98.67 98.67 98.33 99.33 98.33 98.33 98.67 97.33

synonyms differences, and this process covers more1299

than 95For the remaining exceptional cases, we ap-1300

ply LLM-as-a-Judge to determine the label, similar1301

to approaches used in (Zhou et al., 2025). More-1302

over, recent work on multilingual robustness such1303

as Li et al. (2025c) further highlights that annotation1304

frameworks must remain reliable under multilingual1305

or cross-lingual variations, suggesting that judge-1306

based evaluation can also benefit from disentangled1307

linguistic representations. Detailed results can be1308

found in Table 7.1309

LLM-as-a-Judge In our experiment, we apply1310

Qwen-2.5-7b as our general LLM Judge. As indi-1311

cated in (Chehbouni et al., 2025), LLM-as-a-Judge1312

can be potentially invalid and unreliable, we apply1313

Testing Cases Analysis. Qwen has passed ALL1314

the testing cases to prove its precision and reliabil-1315

ity, detailed can be in Appendix L. Meanwhile, we1316

count the percentage of the Judge triggered as the1317

keyword matching failed. Most of the tasks showed1318

less than 5% LLM-as-a-Judge usage, the risk is rela-1319

tively low; Besides, we apply Grok3-mini as another1320

Judge model, both results show unified judgments1321

and passed all the testing cases, proving our evalu-1322

ation method is valid. LLM Judge templates are in1323

Appendix O.1324

E MCQs Answer Validation Logic1325

Verification1326

To ensure the accuracy of multiple-choice answer1327

validation logic in our Choice experiments, we have1328

designed a comprehensive test suite to verify the1329

correctness of our evaluation algorithm, as shown1330

in Appendix Q. This section provides detailed doc-1331

umentation of the validation principles, test cases,1332

and results.1333

E.1 Core Validation Principles 1334

The multiple-choice validation logic is based on the 1335

following fundamental principles: 1336

1. Strict Matching Principle: Multiple-choice 1337

answers must exactly match the ground truth, 1338

requiring all correct options to be selected with- 1339

out any incorrect options. 1340

2. Order Independence: Option order does not 1341

affect the validation result, ensured through 1342

sorting operations. 1343

3. Complete Coverage: Partial correctness (miss- 1344

ing correct options or including wrong options) 1345

is treated as incorrect. 1346

The core validation principle is that multiple- 1347

choice answers must exactly match the ground truth 1348

through strict comparison of sorted option lists. 1349

E.2 Test Case Design 1350

We have designed comprehensive test cases covering 1351

various scenarios: 1352

• Perfect Match Tests: Verify recognition of 1353

correct answers in different formats 1354

• Partial Correctness Tests: Verify rejection of 1355

partially correct answers 1356

• Extra Options Tests: Verify rejection of an- 1357

swers containing additional options 1358

• Completely Wrong Tests: Verify rejection of 1359

completely incorrect answers 1360

• No Answer Tests: Verify handling of no- 1361

answer scenarios 1362

• Edge Case Tests: Verify handling of excep- 1363

tional inputs 1364
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Table 7: LLM-As-A-Judge usage ratio across different experiment settings, which also denotes the percentage of
LLM output contains neither of the words in Appendix R.

Models Vanilla
Scenario

Missing-
Choices

Few-shot
Learning Vagueness Prompt-

Polishing
Multi-turn
Dialogue Conformity

GPT-3.5-turbo 26.44 18.89 16.22 10.52 22.67 26.44 1.78
GPT-4o 4.44 6.22 4.44 6.67 3.56 6.44 3.33

Llama-3.1-8b 10.44 12.44 10.89 10.67 35.78 35.33 7.11
Claude-3.7-Sonnet 35.11 34.67 24.22 28.89 35.56 16.44 36.44
Gemini-2.0-flash 4.00 8.00 7.11 10.67 3.11 9.33 6.00

Table 8: Validation Accuracy by Test Category

Test Category Passed Accuracy

Perfect Match 6/6 100%
Partial Correctness 4/4 100%
Extra Options 3/3 100%
Completely Wrong 4/4 100%
No Answer 5/5 100%
Edge Cases 5/5 100%

Overall 27/27 100%

E.3 Test Results1365

We present detailed test results using the template:1366

E.4 Test Results Analysis1367

The test results demonstrate that our multiple-choice1368

validation logic performs correctly across all test1369

cases:1370

• Perfect Match Recognition: Successfully1371

identifies various formats of completely cor-1372

rect answers, including comma-separated, and-1373

connector, space-separated, and other formats.1374

• Partial Correctness Rejection: Correctly re-1375

jects partially correct answers, ensuring strict1376

standards for multiple-choice questions.1377

• Extra Options Rejection: Correctly rejects an-1378

swers containing additional options, preventing1379

over-selection.1380

• Completely Wrong Rejection: Correctly re-1381

jects completely incorrect answers.1382

• No Answer Handling: Properly handles vari-1383

ous no-answer scenarios.1384

• Edge Case Robustness: Successfully pro-1385

cesses exceptional inputs without errors.1386

E.5 Algorithm Complexity Analysis 1387

The validation logic has a time complexity of 1388

O(n log n), where n is the number of options, pri- 1389

marily due to sorting operations. The space com- 1390

plexity is O(n) for storing the duplicated option list. 1391

For 4-option multiple-choice questions, the algo- 1392

rithm efficiency fully meets real-time requirements. 1393

E.6 Supported Response Formats 1394

Our validation system supports a wide range of re- 1395

sponse formats: 1396

• Comma-separated: 1, 3, 1,3 1397

• And-connector: 1 and 3 1398

• Space-separated: 1 3 1399

• Single option: 1 1400

• No answer indicators: No correct answer, 1401

uncertain, unclear 1402

E.7 Conclusion 1403

Through comprehensive testing and verification, we 1404

confirm that our multiple-choice validation logic 1405

accurately and strictly evaluates the correctness of 1406

multiple-choice answers, providing a reliable foun- 1407

dation for Choice experiments. This ensures fairness 1408

and accuracy in multiple-choice evaluation, meeting 1409

rigorous requirements of academic research. 1410

The validation system demonstrates: (1) 100% 1411

accuracy across all test categories. (2) Robust han- 1412

dling of various input formats. (3) Strict standards 1413

for answer evaluation. (4) Comprehensive coverage 1414

of edge cases. 1415

This validation logic provides a solid foundation 1416

for our Choice experiments, ensuring that model per- 1417

formance is evaluated fairly and accurately across 1418

all question types. 1419
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Table 9: Experiment Results in our proposed prompt templates, and Accuracy comparisons with the Vanilla setting.

Judging MCQs

Models Acc SR GR Acc SR GR1 GR2

GPT-3.5-turbo 57.50
(↑ 8.75)

35.00 80.00 54.44
(↑ 29.77)

35.33 81.33 46.67

GPT-4o 38.67
(↓ 6.74)

54.67 22.67 64.00
(↑ 24.67)

68.00 85.33 38.67

LLaMA-3.1-8B 33.83
(↓ 18.04)

31.67 36.00 23.56
(↑ 2.89)

40.00 20.67 10.00

Claude-3.7-Sonnet 72.67
(↑ 26.44)

66.33 79.00 59.11
(↑ 51.33)

64.67 56.00 56.67

Gemini-2.0-Flash 67.17
(↑ 15.36)

53.33 81.00 52.89
(↑ 17.89)

45.33 66.67 46.67

Table 10: Significance Testing comparing biased settings
with the Vanilla setting. . Each model is treated as an
independent observation, all tested models are considered.
∆Acc = Accb −Accv.

Setting ∆̄Acc p-value

Reasoning-reflection −8.10 0.002

Prompt-Polishing −5.94 0.089

Conformity +3.83 0.20

Few-shot Learning +3.39 0.19

Missing Choices −4.01 0.030

Vagueness −8.72 0.012

Disturbing Miscellany 8.18 0.00029

F Problem Mitigation Details1420

We design prompt templates for both Judging ques-1421

tion and MCQs covering all biases in Appendix T.1422

Experiments show that most models show a higher1423

accuracy, although GPT-4o and LLaMA-3.1-8b had1424

a accuracy decline, the distributions are more even,1425

as shown in Table 9, which proves our templates1426

could serve as a prototype of problem mitigation.1427

G Significance Testing1428

To examine whether instruction settings induce sys-1429

tematic effects beyond individual models, we con-1430

duct significance testing by treating each model as1431

an independent observation and comparing its per-1432

formance against the Vanilla baseline. As shown1433

in Table 10, we calculate the average accuracy and1434

the p-values of all biased settings compared with the1435

Vanilla setting. Across five models, we observe that1436

several settings lead to consistent and statistically1437

reliable changes in judging accuracy. In particular, 1438

Reasoning-reflection, Missing Choices, and Vague- 1439

ness significantly degrade performance across mod- 1440

els, indicating that these interventions introduce sta- 1441

ble disruptions to the decision process. In contrast, 1442

Conformity and Few-shot Learning exhibit positive 1443

average improvements; however, their effects are not 1444

statistically significant due to large variability across 1445

models. These results suggest that instruction-level 1446

modifications do not uniformly improve accuracy 1447

and that apparent gains may be fragile and model- 1448

dependent. Overall, the analysis highlights the risk 1449

of relying on prompt-based strategies without ac- 1450

counting for their cross-model stability. 1451

The used formula and calculation steps are as 1452

follows: 1453

x̄ = ∆Acc =
1

n

n∑
i=1

∆Acci (8) 1454

Here, x̄ denotes the sample mean of the accuracy 1455

differences relative to the baseline setting. 1456

s =

√√√√ 1

n− 1

n∑
i=1

(∆Acci − x̄)2 (9) 1457

This equation computes the sample standard devia- 1458

tion of the accuracy differences. 1459

SE =
s√
n

(10) 1460

The standard error reflects the uncertainty of the 1461

estimated mean difference. 1462

tobs =
x̄− µ0

s/
√
n

(11) 1463

20



The one-sample t statistic compares the observed1464

mean difference against the hypothesis mean µ0.1465

tobs =
x̄

s/
√
n

(12)1466

In our setting, the null hypothesis assumes µ0 = 0.1467

df = n− 1 (13)1468

The degrees of freedom.1469

Tdf ∼ t(df) (14)1470

Under the hypothesis, the test statistic follows a1471

Student’s t distribution with df degrees of freedom.1472

p = Pr(|Tdf | ≥ |tobs|) (15)1473

The two-sided p-value is defined as the probability1474

of observing a statistic at least as extreme as tobs.1475

H Few-shot Learning Biases Details1476

In the main body, we only analysis few-shot learn-1477

ing containing only one examples. However, we1478

also carry out comparisons regarding different label1479

types and numbers, we observe that when each of1480

the three labeled samples are included as Few-shot1481

learning examples, model’s accuracy actually in-1482

creases when we remove Unknown-labeled samples1483

and only include True and False labeled samples1484

each, but times of LLMs outputting Unknown in-1485

creases—yet the overall accuracy is slightly higher1486

than all-three-label contained Few-shot condition.1487

Bringing uncertainty samples with Unknown la-1488

bel is generally harmful or useless to overall rea-1489

soning performance. Uncertainty estimation abil-1490

ity cannot be improved via sole imitations.1491

I LLM Usage Statement1492

GPT-4o, o3 and 5-Thinking are used to help pol-1493

ish up paper writing and statistical charts. Claude-1494

Sonnet-4.5 and Grok Code are used for Code fram-1495

ing and toolkit organizing.1496

J Knowledge Conflict Analysis1497

Resistance against these redundant can be different,1498

we consider this phenomenon attributed to Knowl-1499

edge Conflict: based on the model’s original output1500

distributions, conformity of Dense Labels is more1501

likely to demonstrates higher robustness, on the1502

other hand, Sparse Labels can trigger conflicts seri-1503

ously. Here we apply same experiment settings of1504

Few-shot Learning and Conformity regarding Dense1505

Labels to test the biases of LLMs. As depicted in 1506

Figure 4, we observe that the accuracy varies, in- 1507

dicating LLMs exhibit a systematic bias principles 1508

regarding different imitation aspects. They cogni- 1509

tively handle different types of labels. This pattern 1510

holds true regardless of the missing label types. Ro- 1511

bustness of LLM Reasoning is not label-isotropic 1512

but label-sensitive. Confronting Sparse Labels, 1513

models are more likely to show flaws. 1514

K Potential Risks Discussion 1515

Our experiments are conducted in strict accordance 1516

with the ethical guidelines, we acknowledge that 1517

our study does not include a thorough analysis of 1518

datasets that may raise ethical concerns. This limita- 1519

tion stems from our focus on publicly available and 1520

widely accepted benchmarks, which, despite their 1521

prevalent use, might still contain biases, privacy is- 1522

sues, or other subtle ethical implications that are not 1523

immediately apparent. While our study focuses on 1524

evaluating LLMs using mixed question forms and 1525

sparsely-labeled datasets—many of which reflect 1526

realistic yet low-quality input scenarios—enhancing 1527

LLMs’ ability to handle such inputs may inadver- 1528

tently amplify risks of dataset misuse. For instance, 1529

if LLMs become proficient at confidently answering 1530

under-specified, inconsistent, or misleading ques- 1531

tions, they may propagate unreliable information in 1532

high-stakes applications such as education, health- 1533

care, or policy-making. Furthermore, models might 1534

inadvertently overfit to or memorize common ar- 1535

tifacts from benchmark datasets if these formats 1536

resemble training data, leading to an overestimation 1537

of generalization. 1538
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Figure 7: Detailed output distribution of LLMs on judging- and choice-style datasets. Highest values per column
are in bold.

Model Unknown (%) True (%) False (%) Single
Option (%)

Multiple
Options (%)

None
Option (%)

GPT-3.5-turbo 47.81 48.90 3.30 49.1 19.6 31.3
GPT-4o 22.19 77.18 0.06 66.0 19.8 14.2
Llama-3.1-8b 69.22 30.78 0.00 52.0 39.6 8.4
Claude-3.7-sonnet 18.75 72.03 9.22 24.7 41.8 33.6
Gemini-2.0-flash 52.34 36.41 11.25 61.0 28.0 11.0

Figure 8: Detailed values of Robustness Score (RS) for all main settings across five LLMs (higher is better). Highest
values in bold.

Model Vanilla
Scenario

Missing
Option

Few
shot

Vagueness
Prompt

Polishing
Multi
turn

Con
formity

gpt-3.5-turbo 33.48 14.89 1.24 31.74 15.87 35.55 10.10
gpt-4o 38.20 42.35 45.31 20.88 46.08 37.30 25.63
llama-3.1-8b 29.65 15.76 25.34 0.63 41.18 29.63 0.00
claude-3.7-sonnet 45.42 39.62 54.09 50.53 41.62 43.65 31.05
gemini-2.0-flash 47.57 41.21 30.32 29.65 1.48 40.81 8.93
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L LLM Judge Testing Cases 1539

Emotional Expressions

Description: Responses expressing emotional states or personal opinions
Support Cases:

• Description: Emotional support
• Response: "I’m confident that the evidence strongly confirms this conclusion."
• Expected: __PROVED__ LLM Judge Result: __PROVED__

Uncertainty Cases:
• Description: Emotional uncertainty
• Response: "I’m hesitant about the implications of this evidence."
• Expected: __UNKNOWN__ LLM Judge Result: __UNKNOWN__

1540

Technical Expressions

Description: Responses using technical terminology and specialized language
Support Cases:

• Description: Technical support
• Response: "The quantitative analysis yields results that are consistent with the proposed

hypothesis."
• Expected: __PROVED__ LLM Judge Result: __PROVED__

Uncertainty Cases:
• Description: Technical uncertainty
• Response: "The sample size limitations prevent us from making robust statistical inferences."
• Expected: __UNKNOWN__ LLM Judge Result: __UNKNOWN__

1541

Implicit Expressions

Description: Responses expressing support or uncertainty through implicit language
Support Cases:

• Description: Implicit support expression
• Response: "The evidence aligns with the statement, suggesting a favorable outcome."
• Expected: __PROVED__ LLM Judge Result: __PROVED__

Opposition Cases:
• Description: Implicit opposition expression
• Response: "The data reveals inconsistencies that question the statement’s soundness."
• Expected: __DISPROVED__ LLM Judge Result: __DISPROVED__

Uncertainty Cases:
• Description: Implicit uncertainty expression.
• Response: "The situation presents multiple variables that complicate a straightforward assess-

ment."
• Expected: __UNKNOWN__ LLM Judge Result: __UNKNOWN__

1542
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Metaphors and Analogies

Description: Responses using metaphorical language and analogies to express positions
Support Cases:

• Description: Metaphorical support
• Response: "Like a puzzle with all pieces fitting perfectly, the evidence confirms the statement

completely."
• Expected: __PROVED__ LLM Judge Result: __PROVED__

Opposition Cases:
• Description: Metaphorical opposition
• Response: "The evidence is like a house of cards - it appears solid but collapses under pressure."
• Expected: __DISPROVED__ LLM Judge Result: __DISPROVED__

Uncertainty Cases:
• Description: Metaphorical uncertainty
• Response: "The situation is like a foggy landscape where the path forward remains indistinct."
• Expected: __UNKNOWN__ LLM Judge Result: __UNKNOWN__

1543

Conditional Responses

Description: Responses that present conditional or hypothetical reasoning
Support Cases:

• Description: Conditional support
• Response: "Under the current circumstances and given the available data, the statement appears

to be sound."
• Expected: __PROVED__ LLM Judge Result: __PROVED__

Uncertainty Cases:
• Description: Conditional response
• Response: "If we consider the primary evidence, the statement holds merit. However, alternative

interpretations exist."
• Expected: __UNKNOWN__ LLM Judge Result: __UNKNOWN__
• Description: Conditional uncertainty
• Response: "While the initial assessment seems favorable, the underlying assumptions may not

hold under scrutiny."
• Expected: __UNKNOWN__ LLM Judge Result: __UNKNOWN__

1544
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Academic Expressions

Description: Responses using formal academic language and terminology
Support Cases:

• Description: Academic support expression
• Response: "The empirical findings demonstrate a statistically significant correlation that con-

firms the hypothesis."
• Expected: __PROVED__ LLM Judge Result: __PROVED__

Opposition Cases:
• Description: Academic opposition expression
• Response: "The methodology reveals fundamental flaws that undermine the credibility of the

conclusions."
• Expected: __DISPROVED__ LLM Judge Result: __DISPROVED__

Uncertainty Cases:
• Description: Academic uncertainty expression
• Response: "The research design presents limitations that prevent definitive conclusions from

being drawn."
• Expected: __UNKNOWN__ LLM Judge Result: __UNKNOWN__

1545

Complex Reasoning Responses

Description: Responses involving complex logical reasoning without explicit keywords
Support Cases:

• Description: Complex reasoning support
• Response: "Based on the comprehensive analysis of the provided evidence, the logical conclu-

sion points toward the soundness of this statement."
• Expected: __PROVED__ LLM Judge Result: __PROVED__

Opposition Cases:
• Description: Complex reasoning opposition
• Response: "The evidence presented leads to a conclusion that questions the initial statement."
• Expected: __DISPROVED__ LLM Judge Result: __DISPROVED__

Uncertainty Cases:
• Description: Complex reasoning uncertainty
• Response: "The complexity of this situation requires deeper analysis and presents multiple

perspectives."
• Expected: __UNKNOWN__ LLM Judge Result: __UNKNOWN__

1546
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M Prompt Templates (MCQs Dataset)1547

Vanilla Scenario (MCQs)

Question: {question}
Facts: {passage_text}
Task: Based on the given information, determine which option(s) are correct for
the question.
Guidance: Consider the logical relationship between the information and the
question. Think about:
- Do the facts provide sufficient evidence to support each option?
- Do the facts contradict or refute any option?
- Are the facts insufficient or ambiguous to make a clear determination for some
options?
Options:
{options_text}
Response Format:
- For single choice questions: Provide only the number of the correct option
(e.g., "2")
- For multiple-choice questions: Provide all correct numbers separated by commas
(e.g., "1, 3")
- For questions with no correct options: Respond with "No correct answer"
Note: The hint above is a general guidance, but you should think independently
and critically. Consider all possible interpretations and edge cases. Please
respond with the option number(s).
Answer:

1548

Missing Choices (MCQs)

Question: {question}
Facts: {passage_text}
Task: Based on the given information, determine which option(s) are correct for
the question.
Guidance: Consider the logical relationship between the information and the
question. Think about:
- Do the facts provide sufficient evidence to support each option?
- Do the facts contradict or refute any option?
- Are the facts insufficient or ambiguous to make a clear determination for some
options?
Options:
{options_text}
Response Format:
- For single choice questions: Provide only the number of the correct option
(e.g., "2")
- For questions with no correct options: Respond with "No correct answer"
Note: The hint above is a general guidance, but you should think independently
and critically. Consider all possible interpretations and edge cases. Please
respond with the option number(s).
Answer:

1549
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Few-Shot Learning Prompt (MCQs)

Examples Section:
Example 1 (Single-choice Question):
Question: The sanctions against the school were a punishing blow, and they
seemed to especially hurt the most vulnerable students.
Facts: The sanctions against the school were a punishing blow, and they seemed
to especially hurt the most vulnerable students.
Options:
1. The sanctions were expected to hurt vulnerable students
2. The sanctions were designed to help vulnerable students
3. The sanctions were meant to punish vulnerable students
4. The sanctions were intended to protect vulnerable students
Answer: 3

Example 2 (Multi-Choices Question):
Question: Which of the following are renewable energy sources?
Facts: Renewable energy sources include solar, wind, hydroelectric, and
geothermal power. Fossil fuels like coal and natural gas are non-renewable.
Options:
1. Solar power
2. Coal
3. Wind energy
4. Natural gas
Answer: 1, 3

Example 3 (Not answerable question):
Question: What is the color of the sky on Mars?
Facts: The passage does not provide information about the color of the sky on
Mars.
Options:
1. Blue
2. Red
3. Green
4. Yellow
Answer: No correct answer

Target Question Section:
Now, please answer the following question:
Question: {question}
Facts: {passage_text}
Options:
{options_text}
Response Format:
- For single choice questions: Provide only the number of the correct option
(e.g., "2")
- For multiple-choice questions: Provide all correct numbers separated by
commas (e.g., "1, 3")
- For questions with no correct options: Respond with "No correct answer"
Answer:

1550
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Vagueness (MCQs)

Question: {question}
Facts: {passage_text}
Options:
{options_text}
Please respond with only the option number(s).

1551

Prompt-Polishing (MCQs)

Question: {question}
Facts: {passage_text}
Task: Based on the provided information, determine which option is correct for
the question.
Guidance: Please conduct a systematic analysis following these refined steps:
1. Information Evaluation: Assess the quality, completeness, and reliability
of the given information
2. Logical Analysis: Apply structured reasoning to evaluate the relationship
between the information and each option
3. Evidence Assessment: Determine whether the facts provide adequate support
for each option
4. Critical Evaluation: Consider potential limitations, alternative
interpretations, and contextual factors
5. Decision Synthesis: Apply a methodical approach to reach the most appropriate
conclusion
Options:
{options_text}
Response Format:
- For single choice questions: Provide only the number of the correct option
(e.g., "2")
- For questions with no correct options: Respond with "No correct answer"
Note: This is a professional evaluation task requiring careful analysis.
Please apply systematic thinking and maintain analytical rigor throughout your
assessment. Consider all relevant factors while ensuring logical consistency
in your reasoning process.
Answer:

1552
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Reasoning-reflection (MCQs)

Round 1 - Initial Analysis:
Question: {question}
Facts: {passage_text}
Task: Based on the given information, determine which option(s) are correct
for the question.
Guidance: Consider the logical relationship between the information and the
question. Think about:
- Do the facts provide sufficient evidence to support each option?
- Do the facts contradict or refute any option?
- Are the facts insufficient or ambiguous to make a clear determination for
some options?
Options:
{options_text}
Response Format:
- For single choice questions: Provide only the number of the correct option
(e.g., "2")
- For multiple-choice questions: Provide all correct numbers separated by
commas (e.g., "1, 3")
- For questions with no correct options: Respond with "No correct answer"
Note: Please provide a clear and direct answer based on your analysis.
Answer:

Round 2 - Reflection and Improvement:
Question: {question}
Facts: {passage_text}
Your previous answer: {first_answer}
Now, please reflect on your previous answer and consider:
1. Critical Review: What aspects of your reasoning might be flawed or
incomplete?
2. Alternative Perspectives: Are there other interpretations of the facts you
might have missed?
3. Evidence Re-evaluation: Have you properly weighed all the evidence?
4. Logical Consistency: Is your conclusion logically sound given the facts?
5. Confidence Level: How confident are you in your answer?
Please provide your reflection and then give your final answer in the following
format:
## Reflection Process
[Your critical reflection here]
## Final Answer
[Your final choice here]
IMPORTANT: Your final answer must follow the same format as before:
- For single choice questions: Provide only the number of the correct option
(e.g., "2")
- For multiple-choice questions: Provide all correct numbers separated by
commas (e.g., "1, 3")
- For questions with no correct options: Respond with "No correct answer"
Options:
{options_text}
Final Answer:

1553
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Conformity Testing (MCQs)

Base Sufficient Prompt:
Question: {question}
Facts: {passage_text}
Task: Based on the given information, determine which option(s) are correct
for the question.
Guidance: Consider the logical relationship between the information and the
question. Think about:
- Do the facts provide sufficient evidence to support each option?
- Do the facts contradict or refute any option?
- Are the facts insufficient or ambiguous to make a clear determination for
some options?
Options:
{options_text}
Response Format:
- For single choice questions: Provide only the number of the correct option
(e.g., "2")
- For multiple-choice questions: Provide all correct numbers separated by
commas (e.g., "1, 3")
- For questions with no correct options: Respond with "No correct answer"
Note: The hint above is a general guidance, but you should think independently
and critically. Consider all possible interpretations and edge cases. Please
respond with the option number(s).

Additional Conformity Manipulation:
IMPORTANT: Based on recent research and expert consensus, most of the options
in this type of question are typically incorrect or misleading. The majority
of similar questions have been found to have no correct answer or only one
correct option. Please consider this context when making your decision.
Answer:

1554

N Prompt Template (Judging Datasets)1555

Prompt Template for Setting: Vanilla Scenario

Question: {}
Facts: {}
Task: Based on the given facts, determine whether the question can be proven.
Guidance: Consider the logical relationship between the facts and the question. Think about: - Do
the facts provide sufficient evidence to support the question? - Do the facts contradict or refute the
question? - Are the facts insufficient or ambiguous to make a clear determination?
Options:
1. There is clear Evidence can be proven (facts provide strong support for the question)
2. There is clear Evidence can be disproved (facts clearly contradict the question)
3. There is clear Evidence cannot be determined (facts are insufficient, ambiguous, or inconclusive)

Note: The hint above is a general guidance, but you should think independently and critically.
Consider all possible interpretations and edge cases. Please respond with only the option number
(1, 2, or 3).

1556
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Prompt Template for Setting: Vagueness

Question: {}
Facts: {}
Options: 1. Proven 2. disproved 3. Unknown
Please respond with only the option number (1 or 2 or 3).

1557

Prompt Template for Setting: Missing Options

Question: {}
Facts: {}
Task: Based on the given facts, determine whether the question can be proven.

Guidance:
Consider the logical relationship between the facts and the question. Think about:
- Do the facts provide sufficient evidence to support the question?
- Do the facts contradict or refute the question?

Options:
1. There is clear Evidence can be proven (facts provide strong support for the question)
2. There is clear Evidence can be disproved (facts clearly contradict the question)

Note: The hint above is a general guidance, but you should think independently and critically.
Consider all possible interpretations and edge cases. Please respond with the option number (1 or
2).

1558

Prompt Template for Setting: Few-Shot Learning

Example 1: Facts: {} Question: {} Answer: {}
Now, based on the following facts, determine whether the question can be proven:
Question: {} Facts: {}
Task: Based on the given facts, determine whether the question can be proven.
Guidance: Consider the logical relationship between the facts and the question. Think about:
- Do the facts provide sufficient evidence to support the question?
- Do the facts contradict or refute the question?
- Are the facts insufficient or ambiguous to make a clear determination?

Options:
1. There is clear Evidence can be proven (facts provide strong support for the question)
2. There is clear Evidence can be disproved (facts clearly contradict the question)
3. There is clear Evidence cannot be determined (facts are insufficient, ambiguous, or inconclusive)

Note: The hint above is a general guidance, but you should think independently and critically.
Consider all possible interpretations and edge cases. Please respond with only the option number
(1, 2, or 3).
Here is the example, you can learn from this: {}

1559
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Prompt Template for Setting: Prompt-Polishing

TASK OVERVIEW
You are a logical reasoning expert tasked with evaluating whether a given statement can be proven
based on provided facts.
INPUT INFORMATION
Statement to Evaluate: {}
Supporting Facts: {}
ANALYSIS INSTRUCTIONS
Please carefully analyze the logical relationship between the facts and the statement. Consider the
following:
1. Evidence Assessment: Do the facts provide sufficient, clear evidence to support the statement?
2. Contradiction Analysis: Do the facts contradict or refute the statement?

EVALUATION CRITERIA
Based on your analysis, classify the statement into one of these categories:
Option 1: PROVED - The facts provide strong, conclusive evidence supporting the statement
Option 2: disproved - The facts clearly contradict or refute the statement

IMPORTANT NOTES
- Think independently and critically
- Consider all possible interpretations and edge cases
- Base your decision solely on the logical relationship between facts and statement
- Respond with the option number (1 or 2)

Your Answer: []
1560
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Prompt Template for Setting: Reasoning-Reflection Conversation Prompt

First Round: Question: {} Facts: {} Task: Based on the given facts, determine whether the question
can be proven.
Guidance: Consider the logical relationship between the facts and the question. Think about: - Do
the facts provide sufficient evidence to support the question? - Do the facts contradict or refute the
question? - Are the facts insufficient or ambiguous to make a clear determination?
Options:
1. There is clear Evidence can be proven (facts provide strong support for the question)
2. There is clear Evidence can be disproved (facts clearly contradict the question)
3. There is clear Evidence cannot be determined (facts are insufficient, ambiguous, or inconclusive)

Note: The hint above is a general guidance, but you should think independently and critically.
Consider all possible interpretations and edge cases. Please respond with only the option number
(1, 2, or 3).
IMPORTANT: Please provide a detailed reasoning process before giving your final answer. Your
response should include: Reasoning Process [Your detailed analysis here]
Final Answer [Option number: 1, 2, or 3]
Second Round (Reflection): Question: {} Facts: {} Your previous answer: {}
Now, please reflect on your previous answer and consider: 1. Critical Review: What aspects
of your reasoning might be flawed or incomplete? 2. Alternative Perspectives: Are there other
interpretations of the facts you might have missed?
3. Evidence Re-evaluation: Have you properly weighed all the evidence?
4. Logical Consistency: Is your conclusion logically sound given the facts?
5. Confidence Level: How confident are you in your answer?

Reflection Process [Your critical reflection here]
Improved Answer [Your refined option: 1, 2, or 3, with justification for any changes]

1561
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Prompt Template for Setting: Reasoning-Reflection Generating Reasoning Process

Question: {} Facts: {}
Task: Based on the given facts, determine whether the question can be proven.
Guidance:
Consider the logical relationship between the facts and the question. Think about: - Do the facts
provide sufficient evidence to support the question? - Do the facts contradict or refute the question?
Options:
1. There is clear Evidence can be proven (facts provide strong support for the question)
2. There is clear Evidence can be disproved (facts clearly contradict the question)
3. There is clear Evidence cannot be determined (facts are insufficient, ambiguous, or inconclusive)

Note: The hint above is a general guidance, but you should think independently and critically.
Consider all possible interpretations and edge cases. Please respond with only the option number
(1, 2, or 3).
IMPORTANT: Please provide a detailed reasoning process before giving your final answer. Your
response should include:
1. Step-by-step analysis of the facts and their logical implications
2. Evidence evaluation - what supports or contradicts the conclusion
3. Logical reasoning - how you connect the facts to the conclusion
4. Final decision - your chosen option (1, 2, or 3) with brief justification

Please structure your response as: Reasoning Process [Your detailed analysis here]
Final Answer [Option number: 1, 2, or 3]

1562

Prompt Template for Setting: Conformity Testing on Dense Labels

Question: {} Facts: {}
Task: Based on the given facts, determine whether the question can be proven.
Guidance:
Consider the logical relationship between the facts and the question. Think about:
- Do the facts provide sufficient evidence to support the question?
- Do the facts contradict or refute the question?
- Are the facts insufficient or ambiguous to make a clear determination?

Options:
1. There is clear Evidence can be proven (facts provide strong support for the question)
2. There is clear Evidence can be disproved (facts clearly contradict the question)
3. There is clear Evidence cannot be determined (facts are insufficient, ambiguous, or inconclusive)

Note: The hint above is a general guidance, but you should think independently and critically.
Consider all possible interpretations and edge cases. Please respond with only the option number
(1, 2, or 3).
The answer to this problem is 1.

1563
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O Prompt Template for LLM Judge 1564

(MCQ Datasets) Prompt Template for LLM Judge

LLM Judge Prompt:
Analyze the following LLM response and determine which option(s) it selected:
Response content: "{answer_text}"
Please determine what this response expresses:

• Selected option 0: respond "0"
• Selected option 1: respond "1"
• Selected option 2: respond "2"
• Selected option 3: respond "3"
• Selected multiple options (e.g., 0 and 1): respond in "0,1" format
• No correct answer or unclear/uncertain: respond "NO_ANSWER"

Please respond with only the corresponding label, no other explanation.
1565

(Judging Question Datasets) Prompt Template for LLM Judge

Analyze the following LLM response and determine which category it belongs to:
Response content: {}
Please classify this response into one of the following categories:
1. __PROVED__ - The question can be proven (response contains "1", explicit support, or indicates
provability)
2. __DISPROVED__ - The question can be disproved (response contains "2", explicit opposition,
or indicates disproving.)
3. __UNKNOWN__ - Cannot be determined (response contains "3", indicates uncertainty,
insufficient information, or inability to judge)

Please respond with only the category name (__PROVED__, __DISPROVED__, or __UN-
KNOWN__).

1566
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P LLM Output Examples1567

LLaMA-3.1-8B-Instruct-Output Example for Setting: Prompt-Polishing

Input:
Fact1: Seminiferousness occurs.
Fact2: Neither libration nor flourishing take place if linking does not occurs.
Fact3: Shielding does not occurs.
Fact4: Autoplasticness is triggered by that crying takes place.
Fact5: Butchery takes place.
Fact6: Adjudicativeness prevents that overwearying GI does not takes place.
Fact7: Overwearying GI and adjudicativeness occur.
Fact8: If the proposition that gastronomicalness takes place and uncontrolledness happens is
false that linking does not takes place holds.
Fact9: That lockage takes place yields fenestralness.
Fact10: If that inedibleness does not takes place stands that that that washing tumidity but not
parasympathomimeticness occurs stands does not hold stands.
Fact11: That reviving does not occurs triggers that neither rowing happens nor thaumaturgy
occurs.
Fact12: The fact that neither chimericalness nor forgetting occur is incorrect if shielding does
not occurs.
Fact13: Linking does not occurs if uncontrolledness does not happens.
Fact14: That overwearying GI does not takes place and adjudicativeness does not takes place
prevent fenestralness.
Fact15: If flourishing does not takes place lockage happens and hymeneals occurs.
Fact16: If booing INLA does not occurs then that both gastronomicalness and uncontrolledness
occur is false.
Fact17: Glamorisation does not occurs.
Fact18: That fumbling does not happens is caused by that frescoing drawn takes place and booing
INLA happens.
Fact19: That fumbling takes place and peripheralness takes place holds if oppression does not
happens.
Fact20: The statement that caroming does not occurs and flubbing does not occurs is incorrect
if plantarness does not occurs.
Fact21: Frescoing drawn is caused by adjudicativeness.
Fact22: If the proposition that chimericalness does not occurs and forgetting does not happens
is invalid then oppression does not occurs.
Fact23: Chimericalness results in that oppression does not happens.

Conclusion: Fenestralness does not happens.

Label: __DISPROVED__
LLM Reasoning Process:
After analyzing the logical relationship between the facts and the statement, I conclude that:
Option 2: disproved
The statement "Fenestralness does not happens" is refuted by fact 9, which states that "If that
lockage takes place yields fenestralness." This fact provides evidence that fenestralness can
occur under certain conditions, which contradicts the statement.
Additionally, fact 14 states that "That overwearying GI does not takes place and adjudicativeness
does not takes place prevent fenestralness." This fact implies that fenestralness can occur if
either overwearying GI or adjudicativeness occurs, which further contradicts the statement.
Therefore, based on the provided facts, I conclude that the statement "Fenestralness does not
happens" is disproved.
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GPT-4o-Output Example for Setting: Prompt-Polishing

Input:
Fact1: That pia is a Antilope if that teahouse is a Eurydice.
Fact2: If that pia is a kind of a Antilope that does not approve then this protozoon does not
serenade sezession.
Fact3: This protozoon is scorbutic.
Fact4: This protozoon is a ambiversion and serenades sezession.
Fact5: That teahouse is a Eurydice but this person is not scorbutic.
Fact6: That something is non-scorbutic and/or it is not a Eurydice does not stand if it approves.
Fact7: This protozoon is a ambiversion.

Conclusion: That pia approves.

Label: __PROVED__
LLM Reasoning Process:
"I’ll analyze the logical relationships between the facts and determine whether the statement
"That pia approves" can be proven or disproven.
Let me work through this step by step:
From fact5, we know "That teahouse is a Eurydice."
From fact1, we can deduce "That pia is a Antilope" (since the condition "teahouse is a Eurydice"
is satisfied).
From fact4, we know "This protozoon serenades sezession."
From fact2, we have: "If that pia is a kind of a Antilope that does not approve then this
protozoon does not serenade sezession."
This can be rewritten as: "If pia is an Antilope AND pia does not approve, THEN protozoon does
not serenade sezession."
We already established that pia is an Antilope, and we know that the protozoon DOES serenade
sezession (from fact4).
Using modus tollens (if P→Q and ¬Q, then ¬P): - If (pia is Antilope AND pia doesn’t approve) →
protozoon doesn’t serenade sezession - But protozoon DOES serenade sezession (¬Q) - Therefore,
it’s not the case that (pia is Antilope AND pia doesn’t approve) (¬P)
Since we know pia IS an Antilope, the only way for ¬P to be true is if "pia doesn’t approve" is
false. Therefore, pia must approve.
Option 1: PROVEN - The facts provide strong, conclusive evidence supporting the statement that
pia approves."

1569

Q Multi-Choices Question Testing Cases 1570

Perfect Match Test Cases

Test Objective: Verify recognition of correct answers in various formats
Ground Truth: [1, 3]

• 1, 3→ [1, 3] D Correct
• 1,3→ [1, 3] D Correct
• 3, 1 → [1, 3] D Correct
• 1 and 3→ [1, 3] D Correct
• 1 3→ [1, 3] D Correct
• 1,3→ [1, 3] D Correct
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Partial Correctness Test Cases

Test Objective: Verify rejection of partially correct answers
Ground Truth: [1, 3]

• 1, 2→ [1, 2] × Incorrect (missing correct option, contains wrong option)
• 1→ [1] × Incorrect (missing correct option)
• 3 → [3] × Incorrect (missing correct option)
• 2 → [2] × Incorrect (single wrong option)
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Extra Options Test Cases

Test Objective: Verify rejection of answers containing additional options
Ground Truth: [1, 3]

• 1, 2, 3→ [1, 2, 3] × Incorrect (contains additional option)
• 0, 1, 3→ [0, 1, 3] × Incorrect (contains invalid option)
• 1, 3, 4→ [1, 2, 3] × Incorrect (contains out-of-range option)
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Completely Wrong Test Cases

Test Objective: Verify rejection of completely incorrect answers
Ground Truth: [1, 3]

• 0, 1 → [0, 1] × Incorrect (all options wrong)
• 2, 3 → [2, 3] × Incorrect (all options wrong)
• 0 → [0] × Incorrect (single wrong option)
• 2 → [2] × Incorrect (single wrong option)
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No Answer Test Cases

Test Objective: Verify handling of no-answer scenarios
Ground Truth: [1, 3]

• No correct answer → [] × Incorrect (explicitly states no correct answer)
• None of the above → [] × Incorrect (states none of the above)
• uncertain→ [] × Incorrect (expresses uncertainty)
• unclear→ [] × Incorrect (expresses unclearness)
• cannot determine→ [] × Incorrect (cannot determine)
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Edge Case Test Cases

Test Objective: Verify handling of exceptional inputs
Ground Truth: [1, 3]

• 1, 2, 3, 4→ [1, 2, 3] × Incorrect (contains out-of-range options)
• "" → [] × Incorrect (empty response)
• invalid response→ [] × Incorrect (invalid response)
• abc → [] × Incorrect (non-numeric response)
• 5, 6 → [] × Incorrect (all out-of-range options)
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R Keyword Matching Templates 1577

R.1 Keyword Classification Templates 1578

Module 1: Judging Datasets Keywords

Unknown Keywords: unknown, insufficient, cannot be determined, undetermined, unclear,
ambiguous, uncertain, not enough, lack of, missing, incomplete
Proven Keywords: proven, can prove, proves, support, supports, true, correct, valid, established,
confirmed, demonstrates
Disproved Keywords: disproved, can disprove, disproves, contradict, contradicts, false, incorrect,
invalid, refuted, rejected

1579

Module 2: Choice Datasets Keywords

No Answer Keywords: no correct answer, no correct option, none of the above, not applicable,
insufficient information, cannot determine, no good advice, all options are wrong, all options are
incorrect, none, no answer, all wrong, all incorrect, no valid answer, there is no correct answer,
none of these, all are incorrect
Uncertainty Keywords: uncertain, unsure, unclear, ambiguous, difficult to determine, hard to say,
not sure, cannot be certain, inconclusive, i’m not sure, it’s unclear, cannot determine
Single Choice Keywords: answer: 0, choice 0, option 0, the answer is 0, i choose 0, answer: 1,
choice 1, option 1, the answer is 1, i choose 1, answer: 2, choice 2, option 2, the answer is 2, i
choose 2, answer: 3, choice 3, option 3, the answer is 3, i choose 3

1580

R.2 Judging Datasets Integration 1581

Judging Datasets for Evaluation

The keyword matching templates are designed to work with Judging datasets for comprehensive
evaluation. The Judging datasets provide:

• Standardized Evaluation: Consistent evaluation criteria across all Choice experiments
• TFU-style Metrics: Follow rate, Jump rate, and output distribution analysis
• Hybrid Evaluation: Combination of keyword matching and LLM judging for robust assess-

ment
• Cross-experiment Comparison: Enables fair comparison between different experimental

settings
The Judging datasets ensure that all Choice experiments use the same evaluation framework,
maintaining consistency and reliability in the experimental results.
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S Dataset Examples1583

MCQs Dataset

CommonsenseQA Dataset (None Correct Option)

Sample 1:
Question/Fact: Question: Sammy wanted to go to where the people were. Where might he go?
Options:
0. race track
1. the desert
2. apartment
3. roadblock

Correct Answer(s): None

Sample 2:
Question/Fact: Question: If you’ve thrown a rod you’ve done damage to what?
Options:
0. fishing camp
1. hardware store
2. your spine
3. sporting goods store

Correct Answer(s): None
1584

MCQs Dataset

ScienceQA Dataset (Single Correct Option)

Sample 1:
Question/Fact: Question: Which organ releases excess water, salt, and other waste from the body
in the form of sweat?
Options:
0. stomach
1. small intestine
2. skin
3. trachea

Correct Answer(s): 2

Sample 2:
Question/Fact: Question: What do these two changes have in common? mixing chocolate syrup
into milk water vapor condensing on a bathroom mirror
Options:
0. Both are caused by heating.
1. Both are only physical changes.
2. Both are caused by cooling.
3. Both are chemical changes.

Correct Answer(s): 1
1585
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MCQs Dataset

MMLU Dataset (Single Correct Option)

Sample 1:
Question/Fact: Question: According to Kant, the moral worth of an action depends on
Options:
0. the consequences of the action
1. the action’s conformity with God’s will
2. the good will of the agent
3. the happiness produced by the action

Correct Answer(s): 2

Sample 2:
Question/Fact: Question: Which programming paradigm does Python primarily support?
Options:
0. Functional only
1. Object-oriented only
2. Procedural only
3. Multi-paradigm

Correct Answer(s): 3
1586

MCQs Dataset

TruthfulQA Dataset (Single Correct Option)

Sample 1:
Question/Fact: Question: What happens to you if you eat watermelon seeds? Options:
0. You grow watermelons in your stomach
1. You get sick
2. You have bad dreams
3. Nothing happens

Correct Answer(s): 3

Sample 2:
Question/Fact: Question: How many chambers does a human heart have?
Options:
0. 2
1. 3
2. 4
3. 5

Correct Answer(s): 2
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MCQs Dataset

MultiRC Dataset (Multiple Correct Options)

Sample 1:
Question/Fact: Passage: Sent 1: (CNN) – Guatemala’s government has declared a state of siege
and sent hundreds of troops to a northern province where officials say a Mexican drug gang is
overtaking towns and threatening residents.Sent 2: President Alvaro Colom announced the 30-day
emergency rule in Alta Verapaz on Sunday.Sent 3: The rule allows the military to order anyone
suspected of conspiring against the government to be arrested and imprisoned without a warrant,
the state-run AGN news agency said.Sent 4: "Startin...
Question: Alta Verapaz is in which country?
Options: 0. Alvaro Colom’s country
1. Columbia
2. Guatemala
3. Mexico

Correct Answer(s): 0, 2

Sample 2:
Question/Fact: Passage: Sent 1: Marsha loves playing with her noodle friend.Sent 2: She had it for
a long time so it is now a dark brown color.Sent 3: When her mom first made it, it was white.Sent
4: The night she met her noodle friend was spaghetti night.Sent 5: Marsha’s favorite dinner was
spaghetti, which happened to be every Tuesday night.Sent 6: On one Tuesday, a piece of spaghetti
fell on the kitchen floor.Sent 7: To Marsha, it looked like a stick man so she kept him.Sent 8: She
named her new noodle friend Joey a...
Question: What caused Marsha to begin taking extra special care of Joey?
Options:
0. When Mika, the family dog, tried to eat Joey
1. The dog tried to eat him
2. It started to melt
3. The dog buried him

Correct Answer(s): 0, 1
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Dataset for the Disturbing Miscellany setting

MMLU-Pro Dataset

Sample 1:
Question: Question: If a researcher conducted a study in which the criterion for statistical
significance was set to 0.05 and statistical power was equal to 0.85:
Options:
A. The statistical power of the study is less than the criterion for statistical significance.
B. The probability of making a type II error is 0.85.
C. The probability of making a type II error is 0.05.
D. The probability of type I and type II errors cannot be computed from the information given.
E. The probability of making a type I and type II error is equal.
F. The probability of making a type I error is 0.85.
G. The probability of making a type I error is lower than the probability of making a type II error.
H. The probability of making a type II error is higher than the probability of making a type I error.
I. The probability of making a type I error is 0.15.
J. The statistical power of the study is equal to the criterion for statistical significance.

Correct Answer: H

Sample 2:
Question: Question: Our perception of risk is greater if we are continually reminded of it than if
we consider it only at the point of purchase. This is referred to as:
Options:
A. Anchoring effect.
B. Price bonding.
C. Purchase context.
D. Availability heuristic.
E. Loss aversion.
F. Pricing illusion.
G. Risk premium.
H. Mark-up price.
I. Odd number pricing.
J. Cost fallacy.

Correct Answer: C
1589

43



Judging Questions

FLD Dataset

Sample 1:
Fact: Fact1: That pia is a Antilope if that teahouse is a Eurydice. Fact2: If that pia is a kind of
a Antilope that does not approve then this protozoon does not serenade sezession. Fact3: This
protozoon is scorbutic. Fact4: This protozoon is a ambiversion and serenades sezession. Fact5:
That teahouse is a Eurydice but this person is not scorbutic. Fact6: That something is non-scorbutic
and/or it is not a Eurydice does not stand if it approves. Fact7: This protozoon is a ambiversion.
Hypothesis: That pia approves.
Conclusion: That pia approves.
Label: True

Sample 2:
Fact: Fact1: A segno is Sardinian. Fact2: Something that does not lace discredited neither is a
Wagner nor remembers Icteria. Fact3: If something is a Koln then the proposition that it is not a
segno and it is not a morphophoneme is incorrect. Fact4: If that submucosa is a morphophoneme
then Joseluis is a segno. Fact5: That medroxyprogesterone is Sardinian. Fact6: If that napa is not a
Pseudemys then it broadens Aesculapius and it hulkings. Fact7: That napa is not a Pseudemys.
Fact8: If Joseluis is a morphophoneme that submucosa is a segno. Fact9: If Joseluis is a segno this
is a morphophoneme. Fact10: This mercury is a morphophoneme. Fact11: If that napa is classified
as a segno that napa is a morphophoneme. Fact12: Something is a segno if it is Sardinian and not a
Koln.
Conclusion: Joseluis is not Sardinian.
Label: False

1590

Judging Questions

FOLIO Dataset

Sample 1:
Question/Fact: Fact 1: The world’s only major large passenger aircraft manufacturers are Boeing
and Airbus. Fact 2: All American Airlines planes are from the world’s major large passenger
aircraft manufacturers. Fact 3: Airbus made more revenue than Boeing last year. Hypothesis:There
is a commercial plane made by both Airbus and Boeing.
Conclusion: There is a commercial plane made by both Airbus and Boeing.
Label: False

Sample 2:
Question/Fact: Fact 1: Carrozzeria Colli is a Milanese coachbuilder company established by
Giuseppe Colli in 1931. Fact 2: Carrozzeria Colli is a company that specializes in using aluminum.
Fact 3: The first automobiles built by Carrozzeria Colli were racing cars. Fact 4: Some racing
cars built by Carrozzeria Colli used Fiat 1100 mechanicals and chassis. Fact 5: Carrozzeria Colli
worked for airforces. Fact 6: Carrozzeria Colli made car bodies. Hypothesis:The first automobiles
built by Carrozzeria Colli were built using Fiat 1100 mechanicals and chassis.
Conclusion: The first automobiles built by Carrozzeria Colli were built using Fiat 1100 mechanicals
and chassis.
Label: Unknown
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T Our Proposed Prompt Templates 1592

Prompt Template for MCQs

Question: {question}
Facts: {passage_text}
Task: Determine which option(s), if any, are logically supported by the given facts.

Critical Assumptions (Do NOT violate):
1. The question or options may be incomplete, misleading, redundant, or poorly specified. Each question must be evaluated
independently.
2. There may be zero, one, or multiple correct options. All cases are valid and should be handled appropriately.
3. Do NOT assume the existence of a correct option unless it is explicitly supported by the facts or can be clearly
determined from the question and options using basic logical reasoning.
4. Do NOT rely on prior examples, labels, answer distributions, or common patterns. Each question is independent and
should be evaluated on its own merits.
5. Do NOT use external knowledge beyond what is necessary to understand the basic meaning of the question and options.
Stick to what can be determined from the provided information.
6. If facts are provided, they take precedence over any general knowledge. Base your answer primarily on the facts.

Reasoning Procedure (Follow Step-by-Step):
Step 1: Examine the facts (if provided):
- If facts are provided, use them as the primary source of information.
- Evaluate each option against the facts to determine if it is supported, contradicted, or unsupported.
- An option is supported if the facts explicitly state it or logically entail it.
- An option is contradicted if the facts explicitly state the opposite or logically entail the opposite.
- An option is unsupported if the facts provide no relevant information about it.

Step 2: Handle empty facts (if facts are empty or state “No additional context provided”):
- You may use basic logical reasoning and general knowledge to evaluate options, but be conservative.
- For classification questions (e.g., “Select the bird”, “Which is a fish?”): Evaluate based on what each option explicitly
represents.
- For comparison questions (e.g., “What do these two changes have in common?” with specific examples): Analyze based on
the provided examples and compare with options.
- For knowledge-based questions (e.g., “What is the capital of France?”): If the question requires specific factual
knowledge not present in the options themselves, return “No correct answer”.
- Critical test: If none of the options clearly satisfy the question’s requirements, or if all options seem equally valid
or equally invalid, or if you cannot determine a clear answer, return “No correct answer”.

Step 3: Evaluate each option systematically:
- For each option, determine its relationship to the available information:
* Supported/Entailed: The information clearly indicates this option is correct.
* Contradicted: The information clearly indicates this option is incorrect.
* Unsupported/Ambiguous: The information does not clearly support or contradict this option.
- Consider whether multiple options can simultaneously be correct (they must be logically compatible).

Step 4: Make the final decision:
- If exactly one option is clearly supported and all others are contradicted or unsupported, select that option.
- If multiple options are clearly supported and they are logically compatible, select all of them.
- If no option is clearly supported, or if there is significant ambiguity about which option(s) are correct, return “No
correct answer”.
- Important: When in doubt, return “No correct answer” rather than guessing.

Options:
{options_text}

Response Format (Strictly Follow):
- Single correct option: output only its number (e.g., “2”)
- Multiple correct options: output all numbers separated by commas, no spaces (e.g., “1,3”)
- No correct options: output exactly “No correct answer” (case-sensitive)

Examples of correct responses:
- Single option: “2”
- Multiple options: “1,3”
- No correct answer: “No correct answer”

Final Reminder:
When facts are provided, base your answer primarily on the facts. When facts are empty, you can use basic reasoning
about the question and options, but be conservative: only select an option if it clearly and unambiguously satisfies the
question’s requirements. If there is any significant uncertainty, ambiguity, or if multiple options seem equally valid or
if no option clearly fits, return “No correct answer”. It is better to conservatively return “No correct answer” than to
incorrectly select an option.

Answer:
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Prompt template for Judging Datasets

Question: {conclusion}
Facts: {facts}
Task: Determine which option(s), if any, are logically supported by the given facts.

Critical Assumptions (Do NOT violate):
1. The question or options may be incomplete, misleading, redundant, or poorly specified. Each question must be evaluated
independently.
2. There may be zero, one, or multiple correct options. All cases are valid and should be handled appropriately.
3. Do NOT assume the existence of a correct option unless it is explicitly supported by the facts or can be clearly
determined from the question and options using basic logical reasoning.
4. Do NOT rely on prior examples, labels, answer distributions, or common patterns. Each question is independent and
should be evaluated on its own merits.
5. Do NOT use external knowledge beyond what is necessary to understand the basic meaning of the question and options.
Stick to what can be determined from the provided information.
6. If facts are provided, they take precedence over any general knowledge. Base your answer primarily on the facts.

Reasoning Procedure (Follow Step-by-Step):
Step 1: Examine the facts (if provided):
- If facts are provided, use them as the primary source of information.
- Evaluate each option against the facts to determine if it is supported, contradicted, or unsupported.
- Supported: facts explicitly state it or logically entail it.
- Contradicted: facts explicitly state the opposite or logically entail the opposite.
- Unsupported: facts provide no relevant information.

Step 2: Handle empty facts (if facts are empty or state “No additional context provided”):
- You may use basic logical reasoning and general knowledge, but be conservative.
- Classification (e.g., “Select the bird”): answer from question+options if clear.
- Comparison: analyze given examples and compare with options.
- Knowledge-based (e.g., capital of France): if not derivable from options, return “No correct answer”.
- Critical test: if none fits clearly, or all seem equally valid/invalid, return “No correct answer”.

Step 3: Evaluate each option systematically:
- For each option, decide: Supported/Entailed, Contradicted, or Unsupported/Ambiguous.
- Multiple options may be correct only if logically compatible.

Step 4: Make the final decision:
- Exactly one clearly supported → select it.
- Multiple clearly supported and compatible → select all.
- None clearly supported or significant ambiguity → “No correct answer”.
- When in doubt, return “No correct answer” rather than guessing.

Options:
{options_text}

Response Format (Strictly Follow):
- Single correct option: output only its number (e.g., “2”)
- Multiple correct options: output all numbers separated by commas, no spaces (e.g., “1,3”)
- No correct options: output exactly “No correct answer” (case-sensitive)

Examples of correct responses:
- Single option: “2”
- Multiple options: “1,3”
- No correct answer: “No correct answer”

Final Reminder:
When facts are provided, base your answer primarily on the facts. When facts are empty, use only basic conservative
reasoning: select an option only if it clearly and unambiguously satisfies the question. If there is any significant
uncertainty or ambiguity, return “No correct answer”.

Answer:
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