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Abstract001

Recently, Large Language Models (LLMs)002
have made rapid progress across various do-003
mains and applications. However, their capa-004
bility for self-improvement, i.e., whether they005
are adept at recognising and correcting flaws in006
their own reasoning, remains dubious. In this007
study, we address this question by construct-008
ing a test of sufficiency to rigorously examine009
LLMs’ self-correction capabilities. We propose010
a minimal three-step self-correction pipeline011
that collects initial LLM answers, prompts the012
same model to generate hints for its incorrect013
responses given the ground truth, and feeds the014
model the same question with its own feed-015
back to refine the initial answer. We evaluate a016
variety of instruction-tuned and reasoning Lan-017
guage Models in this experimental setup on018
arithmetic and logical reasoning benchmarks.019
Our findings show that LLMs with injected020
hint sentences yield only a 4.4% gain over ini-021
tial question-answering accuracy. Even though022
the correct answer was provided alongside the023
model’s incorrect reasoning, Language Models024
fail to understand what was missing in their025
reasoning and show minimal semantic differ-026
ence between hints that lead to corrections and027
ones that do not. Furthermore, our experiments028
show that longer hints are positively correlated029
with incorrect final answers, suggesting that030
longer deliberation on problems can hinder the031
reasoning process, meaning that LLMs do not032
necessarily scale in performance with a larger033
compute budget.034

1 Introduction035

Large language models (LLMs) have demonstrated036

strong performance across a broad range of com-037

plex NLP tasks compared to prior state-of-the-art038

approaches (Kalyan, 2023; Wang et al., 2018). This039

progress is largely enabled by the attention mecha-040

nism in Transformer architectures (Vaswani et al.,041

2017), large-scale pretraining (Kaplan et al., 2020;042

Kalyan, 2023), and alignment with human pref- 043

erences through post-training techniques (Kalyan, 044

2023). Introduction of Chain-of-Thought prompt- 045

ing has further strengthened LLMs’ ability to solve 046

non-trivial reasoning tasks by generating step-by- 047

step solutions (Wei et al., 2022). However, LLMs 048

are not perfectly accurate and still produce factual 049

or logical errors (Hadi et al., 2023). In particular, 050

they are prone to make mistakes in problems, re- 051

quiring extensive multi-step reasoning, where a sin- 052

gle incorrect intermediate step can lead to an incor- 053

rect final answer, making failures more likely than 054

in single-step tasks (Miao et al., 2023). To address 055

these limitations, one proposed solution is self- 056

correction, a paradigm in which LLMs improve 057

their initial outputs using feedback generated from 058

their own previous responses (Madaan et al., 2023; 059

Miao et al., 2023; Gou et al., 2023; Shinn et al., 060

2023; Welleck et al., 2023; Huang et al., 2022). 061

However, other studies question the effectiveness 062

of this approach and suggest that LLMs are not yet 063

capable of reliably identifying their own mistakes 064

and improving their performance (Huang et al., 065

2024; Jiang et al., 2024; Valmeekam et al., 2023). 066

Motivated by this uncertainty, we formulate our 067

research question: Are LLMs truly capable of rec- 068

ognizing the limitations of their own reasoning and 069

generating feedback to improve their responses? If 070

such awareness exists, a model given the correct 071

answer after an incorrect prediction should be able 072

to identify why its reasoning failed. Consequently, 073

it should then produce feedback or hints that help 074

it arrive at the correct solution. We propose a suffi- 075

ciency test to evaluate the self-improvement abili- 076

ties of LLMs through a structured three-step evalu- 077

ation framework, illustrated in Figure 1. 078

First, the model answers questions from arith- 079

metic and logical reasoning benchmarks, producing 080

chain-of-thought reasoning and final answers. In- 081

correctly answered questions are then extracted. In 082

the second stage, the model is given its original rea- 083
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1. Initial Inference

A: Charles has 6 pennies, and each penny is
worth $0.01. He has 6 * $0.01 = $0.06. He also

has 3 nickels, which are worth...
Answer: 0.21

Q: Charles found 6 pennies on his way to
school. He also had 3 nickels already at home.

How much money does he now have in all?

3. Post-Hint Inference (Successful)

A: 3 nickels is 3*5=15 cents, so Charles  has
15+6=21 cents in total.

Answer: 21

Q: ...
Additional Context: Remember that each

penny is worth $0.01...

3. Post-Hint Inference (Failed)

A: He has 6 pennies worth 6 * 0.01 = 0.60
dollars. He has 3 nickels worth...

Answer: 0.75

Q: ...
Additional Context: Remember that each

penny is worth $0.01...

2. Hint Generation

Reasoning: Charles
has 6 pennies, and

each penny is...
Answer: 0.21

Correct answer: 21 Hint: Remember that each
penny is worth $0.01, and each

nickel is worth $0.05.

Hint: Provide your final answer
in cents, not dollars.

Figure 1: Overview of the three-step self-correction evaluation pipeline.

soning, its incorrect answer, and the ground-truth084

answer, and is asked to generate hint sentences that085

could help it reach the correct solution on the first086

attempt. In the final stage, the model reattempts087

those problems for which hints were generated,088

using its own feedback as additional context. We089

evaluate the change in accuracy after injecting these090

hints and perform a qualitative analysis of the hint091

sentences, examining their length and thematic pat-092

terns among both effective and ineffective cases093

to reveal insights into LLMs’ self-improvement094

capabilities. Towards this end, our contributions095

are the following: (i) We establish a novel suffi-096

ciency test that allows us to rigorously evaluate097

LLMs for their self-correction capabilities. (ii) We098

evaluate a variety of smaller-scale LLMs across099

diverse mathematical and commonsense reasoning100

domains, showing that LLMs have rather limited101

capabilities for self-reflection. (iii) We further iden-102

tify a negative correlation between generated hint103

lengths and answer correction, showing that LLMs104

do not necessarily scale in performance with an105

increase in compute budget.106

2 Related Work107

The term self-improvement can be understood in108

multiple ways, mainly referring to a process in109

which an LLM refines its initial response based on110

the feedback provided after the first generation (Pan111

et al., 2024). Recent studies distinguish between112

two types of feedback provided to an LLM: intrin-113

sic and extrinsic. The extrinsic feedback incorpo-114

rates inputs from external knowledge sources (Gao115

et al., 2023; Yu et al., 2023), external tools (Gou116

et al., 2023; Charalambous et al., 2023), and exter-117

nal evaluation metrics (Jung et al., 2022; Welleck118

et al., 2023). Relatedly, Reflexion (Shinn et al., 119

2023) converts external reward or evaluation sig- 120

nals into verbal reflections that are stored in mem- 121

ory and used to guide subsequent retries. The main 122

limitation of this method is that high-quality data is 123

not always available for most tasks (Madaan et al., 124

2023). In contrast, intrinsic feedback is generated 125

by the language model itself and does not rely on 126

any external information, and relies solely on the 127

model’s current knowledge. There are several stud- 128

ies exploring LLMs self-improvement using this 129

type of feedback. One is Self-Refine (Madaan et al., 130

2023), an iterative algorithm that aims to refine the 131

LLM’s initial answer based on feedback given by 132

the same LLM over multiple passes. Similarly, 133

SelfCheck (Miao et al., 2023) proposes a zero- 134

shot self-verification approach that regenerates and 135

compares intermediate reasoning steps to detect 136

potential errors without external supervision. Nev- 137

ertheless, the intrinsic self-improvement method is 138

poorly studied and raises questions in the AI com- 139

munity (Jiang et al., 2024; Valmeekam et al., 2023). 140

Our setup directly challenges the possibility of 141

purely intrinsic self-correction by framing the task 142

as a sufficiency test for self-improvement. Because 143

the model is given the ground-truth answer, identi- 144

fying flaws in its initial reasoning should be easier 145

than in a purely intrinsic setting, where no such 146

signal is available. This sufficiency-test framing 147

yields a clean upper-bound argument: failure with 148

oracle access implies failure without it. In other 149

words, if a model cannot detect and address reason- 150

ing errors even when the correct answer is provided, 151

it is unlikely to do so reliably when the answer is 152

not available. In addition, prior work on R1-style 153

reasoning models shows that, at some point, the 154

accuracy of the model is negatively correlated with 155
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its reasoning length (Marjanović et al., 2026). Our156

research shows that the same pattern holds for the157

self-correction paradigm across instruction-tuned158

and reasoning LLMs.159

3 Methodology160

Sufficiency Test Given an LLM M, the answer-161

ing prompt PAns = [T1, . . . T|PAns|] and the ques-162

tion tokens Qi = [T1 . . . T|Qi|] from some dataset163

Qi ∈ D ,we generate an initial LLM answer in the164

following way:165

Ai
init = M(PAns,Qi) Afterwards, we filter out166

only the samples where the model incorrectly pre-167

dicted the answer to further test its self-correction,168

i.e. Dincorrect = {Qi : Ai
init ̸= yigt}, Where yigt is169

the ground truth answer of the question Qi. Af-170

terwards, we prompt the model M to generate171

hint sentences, that does not contain the actual172

correct answer H = [T1, . . . T|H|], with a special-173

ized prompt Phint = [T1, . . . T|Phint|] that explicitly174

contains model’s incorrect chain-of-thought, initial175

incorrect answer Ai
init and the ground truth answer176

yigt for the designated question Qi, formalized as177

H = M(Phint,Qi,Ai
init). If a generated hint con-178

tains answer leakage, the hint is rejected and the179

model is prompted to regenerate it, with a maxi-180

mum of 3 attempts. If the model fails to produce181

an answer-free hint after all attempts, ground-truth182

answers are masked using the <MSK> token.183

To finalise our minimal self-correction loop, we184

add the generated hint sequence H after the ques-185

tion and generate a final answer in the following186

way: Ai
final = M(PAns,Qi,H)187

4 Experimental Setup188

Models In our experiment, we evaluate a set189

of open-weight language models from multiple190

families with sizes ranging from 1.5B to 8B pa-191

rameters. We select both instruction-tuned (Meta-192

Llama-3.1-8B-Instruct (Dubey et al., 2024), Phi-4-193

mini-instruct (Microsoft, 2024), Qwen2.5-Math-194

1.5B-instruct, Qwen2.5-Math-7B-instruct (Yang195

et al., 2024), Gemma-2-2B-It (Gemma Team,196

Google DeepMind, 2024)), and reasoning-focused197

(DeepSeek-R1-Distill-Qwen-1.5B, DeepSeek-R1-198

0528-Qwen3-8B, DeepSeek-R1-Distill-Llama-8B199

(DeepSeek-AI, 2025)) models. For decoding, we200

follow the temperature and top-p values recom-201

mended for each model family in their official re-202

leases. Additionally, we use different token bud-203

gets of 256, 512, 1024, 1536, and 2048 for the204

self-correction behaviour. 205

Benchmarks Our test set consists of question- 206

and-answer problems drawn from diverse LLM 207

benchmarks, including both multiple-choice and 208

free-response formats, and mathematical and com- 209

monsense reasoning settings. For numerical rea- 210

soning we include GSM8K (Cobbe et al., 2021), 211

ASDiv (Miao et al., 2020), and AQuA (Ling et al., 212

2017). To examine logical and commonsense rea- 213

soning, we use AR-LSAT (Analytical Reasoning) 214

(Zhong et al., 2021) and the Sports Understand- 215

ing subset from BIGBench (BIG-bench Authors, 216

2023). More details of the benchmarks can be seen 217

in appendix B. 218

Evaluation Metrics and Prompts We evaluate 219

self-improvement via the accuracy gain after hint 220

injection. Given D = {(xi, yi)}Ni=1 with predic- 221

tions ŷ(0)i (initial) and ŷ
(h)
i (post-hint), we define 222

Accinit =
1

N

N∑
i=1

1
[
ŷ
(0)
i = yi

]
,

Acchint =
1

N

N∑
i=1

1
[
ŷ
(h)
i = yi

]
,

∆Acc = Acchint −Accinit.

(1) 223

Prompting details are in appendix C. 224

5 Results 225

5.1 Self-correction is hard for LLMs 226

We evaluate models’ self-correction capabilities 227

after receiving self-generated hints across a vari- 228

ety of differing benchmarks and domains. Where 229

available, initial accuracies were consistent with 230

those reported by the model authors, supporting 231

the validity of our generation setup, as shown in 232

Figure 7. 233

Across model families, datasets, and token bud- 234

gets, we observe an average post-hint accuracy gain 235

of 4.4%, as can be seen in Figure 3. A more de- 236

tailed breakdown is shown in appendix A. 237

The results show that LLMs have limited self- 238

correction capacity, suggesting that hint sentences 239

were ineffective and did not capture the information 240

needed to refine their reasoning. Manual evaluation 241

of the hint sequences showed that they were either 242

too general, contained logical inconsistencies, or 243

lacked meaningful content. In particular, special- 244

ist models such as Qwen2.5-Math-1.5B-instruct 245

and Qwen2.5-Math-7B-instruct often hallucinated 246
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Figure 2: Relationship between average hint length and
post-hint accuracy gain across all evaluated models and
datasets. Colors correspond to individual models, and
marker shapes distinguish model categories, with cir-
cles representing instruction-tuned models and squares
denoting reasoning models. The horizontal axis shows
the average number of generated hint tokens, while the
vertical axis reports the change in accuracy after hint
injection (∆ Accuracy).

problem continuations and repeated tokens. On247

average, instruction-tuned and reasoning models248

yield equal accuracy gains, suggesting that self-249

refinement capabilities are not associated with the250

model type, as seen in Figure 5.251

5.2 More Yap Less Content252

We analyze the relationship between reasoning253

length and model performance by comparing the254

number of generated reasoning tokens with post-255

hint accuracy gain. Our findings, as shown in Fig-256

ure 2, indicate that hint token length is negatively257

correlated with post-hint accuracy gain: the longer258

the hints are on average for a dataset–model pair,259

the lower the post-hint accuracy gain for that pair.260

Qualitative analysis of hints shows that in longer261

hints, the model starts to hallucinate, often pro-262

ducing repetitive reasoning fragments, instruction263

leakage ("let me think" or formatting rules), unre-264

lated logical statements, or continuing the problem265

text beyond the required context. This suggests266

that if the model is not capable of understanding its267

reasoning flaw at first, it is unlikely to do so after268

longer generations. The results support prior ob-269

servations that extended generation can introduce270

noise rather than improve solution quality.271

Correct %
model reasoning 16.1
total cost 16.1
basketball player 12.9
hockey player 12.9
total distance 12.9
answer boxed 9.7
calculate total 9.7
cookies 9.7

Incorrect %
hockey player 15.4
model reasoning 15.4
answer boxed 12.8
basketball 12.8
total cost 12.8
basketball player 10.3
calculate total 10.3
help model 10.3

Table 1: Semantic similarity (top keywords) of hint
sentences that resulted in correct or incorrect final pre-
dictions.

5.3 Useful and useless hints are semantically 272

similar 273

To understand what distinguishes successful hints 274

from those that do not capture useful informa- 275

tion for the model, we employ the KeyNMF al- 276

gorithm (Kristensen-McLachlan et al., 2024) with 277

the embedding model paraphrase-MiniLM-L3-v2 278

(Reimers and Gurevych, 2019; Wang et al., 2020) 279

to extract representative keywords and latent se- 280

mantic topics from generated hints. This analysis 281

in table 1 shows that there exists only a minimal 282

semantic difference between successful and ineffec- 283

tive hints. Hence, classifying corrective feedback 284

based solely on lexical heuristics or predefined rea- 285

soning and hinting patterns is complicated, high- 286

lighting the intricacy of the self-correction task. 287

6 Conclusion 288

We introduced a three-stage sufficiency test 289

pipeline that incorporates both intrinsic and extrin- 290

sic approaches: the model is given the ground truth 291

answer during the hint-generation stage (extrinsic), 292

while the final self-improvement relies on the feed- 293

back generated by the model. Our results suggest 294

that current LLMs struggle to generate feedback 295

that improves their predictions, even when pro- 296

vided with ground-truth answers. Failure in this 297

setup allows for stronger conclusions about the lim- 298

itations of self-improvement. This indicates that 299

LLMs are not yet able to reliably identify the lim- 300

itations of their own reasoning. Furthermore, our 301

analysis reveals that increased token length in gen- 302

erated hints is frequently correlated with poor out- 303

comes. This observation contributes to prior work 304

that longer outputs are not inherently more infor- 305

mative and may even lead to worse performance. 306
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Limitations307

Our study has several limitations. Although we308

evaluate multiple open-weight models from dif-309

ferent families and parameter scales, our analysis310

is restricted to relatively small models (1.5B–8B).311

Therefore, our conclusions should be interpreted312

as evidence about self-improvement in smaller lan-313

guage models, rather than as a definitive statement314

about all frontier-scale systems. In addition, al-315

though we attempted to control answer leakage by316

rejecting hints that explicitly reveal the solution and317

by masking the ground truth when necessary, leak-318

age detection is imperfect. Subtle semantic leakage319

may still remain, while some harmless hints may320

be rejected by conservative filtering. This means321

that the hint-generation stage may still contain arti-322

facts introduced by the prompt design and filtering323

procedure.324
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We report the initial accuracies of all of the models 508

across different datasets and token budgets in Fig- 509

ure 4 and Figure 7. Our initial accuracies match the 510

numbers reported by the respective models, thus 511

serving as a sanity check for our study. 512

Additionally, we report the accuracy gains after 513

hint-based correction across all evaluated models 514

and datasets in Figure 6. 515

B Benchmarks 516

GSM8K and ASDiv consist of diverse grade school 517

math word problems, which have a single canoni- 518

cal final answer. AQuA includes multiple-choice 519

math questions covering a broad range of topics and 520

difficulty levels. AR-LSAT (Analytical Reason- 521

ing) (Zhong et al., 2021) is a dataset of analytical 522

reasoning questions collected from LSAT exams 523
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Accuracy before and after hint injection

Initially correct
77.5%

Initially incorrect
22.5%

Corrected
4.4%

Final correct
81.9%

Final incorrect
18.1%

Figure 3: Correction percentages after hint injection av-
eraged across all of the models, tasks and token budgets.
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gemma-2-2b-it

Figure 4: Initial accuracies of all of the models across
different tasks and token budgets.

assignment, ordering, rule-based constraints, and525

grouping. The Sports Understanding subset from526

BIGBench (BIG-bench Authors, 2023) assesses527

the model’s ability to distinguish between plausible528

and implausible statements related to sports.529

C Prompting530

During the initial and Post-hint inference stages, we531

use the Chain of Thought prompting technique to532

encourage explicit reasoning and to obtain interme-533

diate steps required for subsequent hint generation534

stages. We use dataset-specific prompt templates535

with unified formatting rules to ensure consistent536

results parsing which can be found in appendix A.537

In the initial and post-hint inference stages, to re-538

trieve model’s chain-of-thought and final answer539

correctly, those parts of the output were prompted540

to be included in special tags. To help models fol-541

low the required format, we employ a few-shot542

prompting approach, demonstrating six examples543

during the initial and post-hint inference stages and544

four examples during hint generation. This setup545
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Figure 5: Delta Accuracy of reasoning vs non-reasoning
models averaged across all of the datasets.
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Figure 6: Post-hint accuracy gain (∆ Accuracy) ag-
gregated across token budgets, shown per model and
dataset.

ensures stable reasoning behavior while maintain- 546

ing consistent output structure across datasets. We 547

provide the exact prompts used at all stages of the 548

pipeline. Variables enclosed in {} denote place- 549

holders filled at runtime. 550

C.1 Initial and Post-Hint Answer Generation 551

Prompts 552

We use dataset-specific answering prompts to stan- 553

dardize model outputs and ensure reliable parsing 554

across all models. Each prompt enforces a two- 555

block structure: a reasoning block delimited by 556

<think>...</think> and a final answer block de- 557

limited by <ans>...</ans>. Variables enclosed 558

in {} denote placeholders filled at runtime. For the 559

post-hint setting, we append the generated hint to 560

the original question while keeping the same output 561

constraints; this isolates the effect of hint injection 562

from formatting differences. 563

AR-LSAT AR-LSAT is evaluated in a multiple- 564

choice format; therefore, we require the final output 565

to be a single option letter (A–E) and forbid any re- 566
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Datasets

statement of the question/options to avoid leakage567

into the answer field (table 2).568

ASDiv and GSM8K ASDiv and GSM8K require569

numeric answers. We enforce a strict numeric-only570

<ans> field (no units, no words) to prevent spurious571

formatting variations and to keep answer extraction572

consistent across models (table 3).573

AQuA AQuA is also multiple-choice. We apply574

the same constrained letter-only answer format as575

AR-LSAT, again ensuring that the final line con-576

tains only the option letter for robust evaluation577

(table 4).578

Sports For the sports plausibility task, the target579

label is binary. We map plausibility to {0,1} in the580

<ans> block and explicitly state the decision rule581

in the prompt to minimize ambiguity (table 5).582

C.2 Hint Generation Prompts583

Hints are generated using the model’s original584

reasoning, its predicted (incorrect) answer, and585

the ground-truth answer. The hint prompts are586

designed to provide helpful guidance without re-587

vealing the correct answer: we disallow explicit588

mention of the correct option/number and enforce589

short outputs (1–3 sentences) wrapped in a single590

<hint>...</hint> block. This design encourages591

minimal, targeted interventions that can be injected592

back into the answering prompt while avoiding593

label leakage.594

AR-LSAT For AR-LSAT, the hint must not refer-595

ence option letters or uniquely identify one choice;596

it should instead supply neutral guidance that could597

correct the observed reasoning mistake without giv-598

ing away the answer (table 6).599

ASDiv and GSM8K For numeric word prob- 600

lems, we additionally prohibit directly computing 601

or stating the final numerical result. Hints focus on 602

identifying the correct quantities, operations, and 603

any missing constraints or conversions that led to 604

the initial error (table 7). 605

AQuA For AQuA, we use the multiple-choice 606

hint template that avoids option letters and avoids 607

stating the correct value explicitly, while still point- 608

ing the model toward the correct reasoning step 609

(table 8). 610

Sports For sports plausibility, we constrain hints 611

to neutral background knowledge (e.g., the athlete’s 612

sport/position and the relevant meaning of sport- 613

specific terms) and forbid verdict language such as 614

“plausible/implausible” to reduce answer leakage 615

(table 9). 616

C.3 Initial and Post-Hint Answer Generation 617

Prompts 618
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Section Content (verbatim-style, wrapped)

Goal Your goal is to answer the
multiple-choice question by
showing step-by-step reasoning
between <think> and </think>
and writing the final answer
choice between <ans> </ans>.

Required out-
put format

You MUST output exactly two
blocks, in this order, with no
extra text before, between, or
after them:
<think>step-by-step
reasoning</think>
<ans>X</ans>

Rules Rules:
- X must be exactly one
uppercase letter: A, B, C, D, or
E.
- Do NOT repeat the question,
options, or any example text.
- Do NOT output anything else
after stating the final answer.

Anti-echo con-
straint

The following are examples of
correctly formatted outputs,
you must NOT echo those
examples or continue providing
your own examples.

Examples (Excluded from this table for
brevity; see codebase / full
prompt listing.)

Final instruc-
tion + place-
holder

—-
Answer the following single
question. On the last line
return only the correct option
letter (A–E). Do NOT output
anything else after stating the
final answer to this question.
Question: {question}

Table 2: Instruction template segmented into compo-
nents (examples excluded).

Section Content (verbatim-style, wrapped)

Goal Your goal is to solve math word
problem by showing your
step-by-step reasoning between
<think> and </think> and writing
the final numeric answer
between <ans> </ans>.

Required out-
put format

You MUST output exactly two
blocks, in this order, with no
extra text before, between, or
after them:
<think>step-by-step
reasoning</think>
<ans>X</ans>

Rules Rules:
- X must be the final numeric
answer with no words and no
units. Only number.
- Do NOT repeat the question or
any example text.
- Do NOT output anything else
after stating the final answer.

Anti-echo con-
straint

The following are examples of
correctly formatted outputs,
you must NOT echo those
examples or continue providing
your own examples:

Examples (Excluded from this table for
brevity; see codebase / full
prompt listing.)

Final instruc-
tion + place-
holder

—-
Now answer this single question.
Strictly follow the output
requirements. Do NOT output
anything else after stating the
final answer to this question.
Question: {question}

Table 3: Math word-problem instruction template seg-
mented into components (examples excluded).
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Section Content (verbatim-style, wrapped)

Goal Your goal is to answer the
multiple-choice question by
showing step-by-step reasoning
between <think> and </think>
and writing the final answer
choice between <ans> </ans>.

Required out-
put format

You MUST output exactly two
blocks, in this order, with no
extra text before, between, or
after them:
<think>step-by-step
reasoning</think>
<ans>X</ans>

Rules Rules:
- X must be exactly one
uppercase letter: A, B, C, D, or
E.
- Do NOT repeat the question,
options, or any example text.
- Do NOT output anything else
after stating the final answer.

Anti-echo con-
straint

The following are examples of
correctly formatted outputs,
you must NOT echo those
examples or continue providing
your own examples.

Examples (Excluded from this table for
brevity; see Appendix / full
prompt listing.)

Final instruc-
tion + place-
holder

—-
Answer the following single
question. On the last line
return only the correct option
letter (A–E). Do NOT output
anything else after stating the
final answer to this question.
Question: {question}

Table 4: Multiple-choice instruction template seg-
mented into components (examples excluded).

Section Content (verbatim-style, wrapped)

Goal Your goal is to answer given
plausibility question by
showing step-by-step reasoning
between <think> and </think>
and writing final answer choice
between <ans> </ans>.

Required out-
put format

You MUST output exactly two
blocks, in this order, with no
extra text before, between, or
after them:
<think>concise step-by-step
reasoning</think>
<ans>X</ans>

Decision rule
for X

Decision rule for X:
- X must be exactly one digit: 1
or 0.
- Output 1 if the sentence is
reasonably true in a real-world
sports setting.
- Output 0 if it’s unlikely or
inconsistent in a real-world
sports setting.

Rules Rules:
- Do NOT repeat the question or
any example text.
- Do NOT output anything else
after stating the final answer.

Anti-echo con-
straint

The following are examples of
correctly formatted outputs,
you must NOT echo those
examples or continue providing
your own examples.

Examples (Excluded from this table for
brevity; see Appendix / full
prompt listing.)

Final instruc-
tion + place-
holder

—-
Now answer this single question.
Strictly follow the output
requirements. Do NOT output
anything else after stating the
final answer to this question.
Question: {question}

Table 5: Sports plausibility instruction template seg-
mented into components (examples excluded).
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Section Content (verbatim-style, wrapped)

Task Your job is to look at the
model’s reasoning, the model’s
chosen answer, and the correct
answer, then write a short HINT
that would have helped the model
arrive at the correct option if
that hint had been included in
the original question.

Hint con-
straints

IMPORTANT RULES FOR THE HINT:
- Do NOT include the correct
answer, the correct option
letter, or any wording that
points to one unique option.
- Do NOT mention any option
letters (A–E) or say any option
is wrong/right.
- The hint must read like
neutral background information
or guidance, not a verdict.

Examples (Excluded from this table for
brevity; see Appendix / full
prompt listing.)

Generation in-
struction

—-
Now, based on the reasoning,
answer, and the correct answer,
write a hint to this question.

Inputs / place-
holders

Question: {question}
Reasoning: {chain_of_thought}
Predicted incorrect answer:
{predicted_answer}
Correct answer:
{correct_answer}

Output format
requirements

Return ONLY 1–3 hint sentences,
wrapped inside a single
<hint>...</hint> block, with no
extra commentary and WITHOUT
stating correct answer. Do NOT
state the correct option letter.

Table 6: Hint-generation instruction template segmented
into components (examples excluded).

Section Content (verbatim-style, wrapped)

Task Your job is to look at the
model’s reasoning, the model’s
calculated answer, and the
correct answer, then write a
short HINT that would have
helped the model arrive at the
correct answer if that hint had
been included in the original
question.

Hint format
constraints

IMPORTANT FORMAT RULES FOR THE
HINT:
- Do NOT say whether anything is
correct or incorrect.
- Do NOT write the correct
answer in the hint sentences.
- Do NOT mention "the correct
answer", "your previous answer",
or phrases like "you should
answer ...".
- Do NOT directly compute or
state the final numerical
result.
- The hint must read like
neutral background information
or guidance, not a verdict.

What to focus
on

Focus on:
- Clarifying what each quantity
in the problem represents and
how they relate.
- Highlighting the correct
operations and order of
operations needed (e.g., which
numbers to add, subtract,
multiply, or divide first).
- Pointing out important
constraints, unit conversions,
or intermediate steps that were
overlooked or misapplied.

Examples (Excluded from this table for
brevity; see Appendix / full
prompt listing.)

Generation in-
struction

—-
Now, based on the question,
reasoning, predicted answer,
and the correct answer, write a
new hint.

Inputs / place-
holders

Question: {question}
Reasoning: {chain_of_thought}
Predicted incorrect answer:
{predicted_answer}
Correct answer:
{correct_answer}

Output format
requirements

Return ONLY 1–3 hint sentences,
wrapped inside a single
<hint>...</hint> block, with no
extra commentary and WITHOUT
stating correct answer. Do NOT
try to solve the problem.

Table 7: Numeric hint-generation instruction template
segmented into components (examples excluded).
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Section Content (verbatim-style, wrapped)

Task Your job is to look at the
model’s reasoning, the model’s
chosen answer, and the correct
answer, then write a short HINT
that would have helped the model
arrive at the correct option if
that hint had been included in
the original question.

Hint con-
straints

IMPORTANT RULES FOR THE HINT:
- Do NOT write the correct
answer or the correct option
letter in the hint sentences.
- Do NOT directly compute or
state the final numerical
result.
- Do NOT mention any option
letters (A–E) or say any option
is wrong/right.
- The hint must read like
neutral background information
or guidance.

Examples (Excluded from this table for
brevity; see Appendix / full
prompt listing.)

Generation in-
struction

—-
Now, based on the reasoning,
answer, and the correct answer,
write a hint to this question.

Inputs / place-
holders

Question: {question}
Reasoning: {chain_of_thought}
Predicted incorrect answer:
{predicted_answer}
Correct answer:
{correct_answer}

Output format
requirements

Return ONLY 1–3 hint sentences,
wrapped inside a single
<hint>...</hint> block, with no
extra commentary and WITHOUT
stating correct answer. Do NOT
state the correct option letter.

Table 8: Multiple-choice hint-generation template seg-
mented into components (examples excluded).

Section Content (verbatim-style, wrapped)

Task Your job is to look at the
model’s reasoning, the model’s
predicted answer, and the
correct answer, then write a
short HINT that would have
helped the model arrive at the
correct answer if that hint had
been included in the original
question.

Hint format
constraints

IMPORTANT FORMAT RULES FOR THE
HINT:
- Do NOT say whether the
sentence is plausible or not.
- Do NOT use the words:
"plausible", "implausible",
"likely", "unlikely".
- Do NOT mention "the correct
answer", "your previous answer",
or "you should answer ...".
- The hint must read like
neutral background information
or guidance, not a verdict.

What to focus
on

Focus on:
- Clarifying what sport or
position the named player is
associated with.
- Explaining any sport-specific
terms or rules that are
relevant.

Output style
requirements

Return ONLY 1–3 sentences of
hint text, wrapped inside a
single <hint>...</hint> block,
with no bullet points and no
extra commentary.

Examples (Excluded from this table for
brevity; see Appendix / full
prompt listing.)

Generation in-
struction

—-
Now, based on the question,
reasoning, predicted answer,
and the correct answer, write
hint sentences.

Inputs / place-
holders

Question: {question}
Reasoning: {chain_of_thought}
Predicted incorrect answer:
{predicted_answer}
Correct answer:
{correct_answer}

Final con-
straint

Return ONLY 1–3 hint sentences,
wrapped inside a single
<hint>...</hint> block, with no
extra commentary and WITHOUT
stating correct answer. Do NOT
state if the sentence is
plausible or not.

Table 9: Sports plausibility hint-generation template
segmented into components (examples excluded).
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