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Abstract

Evaluating generative models, such as large001
language models (LLMs), commonly involves002
question-answering tasks where the final an-003
swer is selected based on probability of answer004
choices. On the other hand, for models requir-005
ing reasoning, the method of answer extraction006
plays a critical role. We reveal that the per-007
formance of reasoning models and their final008
answer distributions are highly sensitive to the009
answer extraction algorithm employed. In or-010
der to mitigate this, we propose a basic frame-011
work: Answer Regeneration. The method uses012
an additional model inference, providing the013
prior input and output prefaced by the prompt014
"Answer:". The final answer is then selected015
or extracted from the regenerated output. In016
the experiments, we show that this extraction-017
rule-agnostic approach exhibits improved per-018
formance and enhanced robustness. Further-019
more, we have applied this framework to gen-020
eral math problems and open-ended question021
answering tasks. We believe our analysis and022
this framework could offer a more reliable re-023
sults for model evaluation.024

1 Introduction025

The conventional approach for generating answers026

from large language models (LLMs) involves se-027

lecting the answer choice with the highest proba-028

bility when conditioned on the input prompt and029

each choice following a specific prefix, such as030

"Answer:" (Hendrycks et al. (2021); Liang et al.031

(2023); OpenCompass Contributors (2023); Habib032

et al. (2023); inter alia). For tasks without answer033

choices, prior work has relied on rule-based extrac-034

tion (e.g., searching for "Answer: X" or "answer035

is X"), model judges for semantic similarity, or hu-036

man evaluation (Kamalloo et al. (2023); Wei et al.037

(2024); Chandak et al. (2025); Chen et al. (2025);038

inter alia). However, reasoning-powered LLMs039

need to output their reasoning process (Chain-of-040

Thought (CoT)) (Wei et al., 2022) to leverage their041

Reasoning Model Output Example

[college_computer_science]· · ·</think>
· · · 2�**Correct Answer: (D) I, II, and III**"

[college_chemistry]· · ·</think>· · ·
###Final Answer:\n\n$$\n\\boxed{B}\n$$}

[management]· · ·Therefore, the answer is
Merton. \n\nBut I’m still not 100% sure. · · ·

[psychology]· · ·Hmm. I’m going to go
with the fornix as the answer. Because · · ·

Figure 1: Examples illustrating the difficulties in extract-
ing final answers from reasoning models’ outputs. Al-
though the benchmark is designed with multiple-choice
questions, models frequently generate answers in a free-
text format, which complicates automated evaluation.

full potential. This detailed, linguistically diverse 042

output complicates traditional evaluation. Specifi- 043

cally, it prevents the use of methods based on the 044

probability of specific answer choices and limits 045

the applicability of most LLM-as-a-judge (Zheng 046

et al., 2023) evaluations. This shift introduces a 047

new, critical challenge: how to reliably find the 048

answer from the detailed output that includes all 049

the reasoning steps matters. 050

Conventional rule-based approach suffers from 051

a fundamental flaw: heuristic rules cannot account 052

for all possible answer formats. Figure 1 illustrates 053

examples from multiple-choice question answer- 054

ing benchmark MMLU (Hendrycks et al., 2021). 055

A single model can use different formats in its re- 056

sponses, sometimes boxing the answer in brackets 057

(i.e., \boxed{}) or answering the option text in vari- 058

ous formats (e.g., "Merton", "fornix") instead of the 059

option label (e.g., "(D)"). Furthermore, the formats 060

can vary significantly between different models and 061

even across different types of benchmarks, such as 062

multiple-choice, math, and open-ended questions. 063

This means that optimal extraction rules need to 064

be created and tuned for every individual model 065
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and benchmark (e.g., rules for options, numbers,066

or word(s)), which makes the process difficult and067

even affects the reproducibility of model results.068

In this paper, we first empirically demonstrate069

the impact of answer extraction rules on reasoning-070

powered model (Section 4). We then introduce071

Answer Regeneration, a simple, generation-based072

framework designed to alleviate the dependency on073

specific answer extraction rules (Section 5). Instead074

of relying on complex extraction rules, our method075

utilizes an additional inference step to prompt the076

model to regenerate its final answer. It allows us to077

use probability-based answering for choices or ex-078

tract the answer from a simplified output, resulting079

in practical effectiveness.080

Our experiments reveal that model performances081

are highly sensitive to the extraction rules em-082

ployed. Depending on the rules, distinct answers—083

no answers at all in some cases—may be extracted084

from the same LLM response. On the other hand,085

Answer Regeneration consistently outperforms the086

handcrafted rule-based extractions, improving both087

in benchmark scores and human evaluation results.088

Our method also achieves intuitive model rank-089

ings, where larger models are shown to outperform090

smaller ones. We demonstrate Answer Regenera-091

tion significantly reduces the dependency on spe-092

cific answer extraction rules, thereby improving ro-093

bustness and reproducibility of model evaluations.094

Furthermore, we apply our framework to diverse095

tasks, including complex multiple-choice question096

answering, short-answer math problems, and open-097

ended question answering. In all cases, our method098

proves to be a plausible and effective approach for099

the fair evaluation of reasoning models.100

Our contributions in this work are as follows:101

• We empirically investigate the sensitivity of102

reasoning-powered LLMs to rule-based an-103

swering, revealing a strong dependency on104

the choice of answer extraction algorithm.105

• We propose the generation-based framework106

Answer Regeneration. It achieves (1) su-107

perior performance both on quantitative and108

qualitative scores compared with handcrafted109

rules, (2) intuitive model rankings, and (3) sig-110

nificantly enhanced robustness against answer111

inconsistency and incomplete outputs.112

• We demonstrate the generalizability and effec-113

tiveness of our framework across diverse tasks,114

confirming its plausibility for more robust and115

fair model evaluations.116

2 Related Work 117

A growing body of work shows that LLM perfor- 118

mance can vary drastically with small changes in 119

prompt format, even when the underlying seman- 120

tics are equivalent (Sclar et al., 2024; He et al., 121

2024; Alzahrani et al., 2024). Consequently, Polo 122

et al. (2024); Mizrahi et al. (2024) proposed the 123

methods to mitigate the effect of prompt variations. 124

While the previous research focused on input-level 125

prompt variations and their impact on model evalu- 126

ation, we focus on output-level final answer varia- 127

tions from reasoning LLMs. 128

Therefore, it is noteworthy to find out how recent 129

LLM evaluations handle outputs from reasoning 130

models. A number of open evaluation frameworks 131

typically support (1) probability–based answering 132

for multiple-choice tasks or (2) simple heuristic 133

post-processing for free-form generations, involv- 134

ing only de-capitalization or blank-space normal- 135

ization. Details on the implementations of MMLU 136

Hendrycks (Hendrycks et al., 2021), HELM (Liang 137

et al., 2023), OpenCompass (OpenCompass Con- 138

tributors, 2023), and lighteval (Habib et al., 2023) 139

can be found in the Appendix A.1. 140

lm-evaluation-harness (Biderman et al., 2024) 141

has become the de facto community standard for 142

reproducible LLM evaluation. Generative tasks 143

use string-match with optional regular expressions 144

or rule-based normalizers. While recent templates 145

support CoT prompting, the final answer is still 146

recovered via simple patterns (e.g., "Answer: X"), 147

or a last-capital-letter heuristic. As we will demon- 148

strate, such extraction rules can swing scores and 149

even reorder model rankings. 150

Recent works also tackled the importance of an- 151

swer extraction, especially for instruct-tuned mod- 152

els. However, the outputs of reasoning models 153

are significantly complicated compared with CoT- 154

invoked outputs of instruct-tuned models to be in- 155

vestigated by simple regular expressions (Molfese 156

et al., 2025). xFinder (Yu et al., 2024) attempted to 157

mitigate the dependency on the rules by fine-tuning 158

LLMs specialized to answer extractions. However, 159

it becomes that the evaluation is not only dependent 160

on the performance of answer extractor but also the 161

extractors show limited performance on the long 162

reasoning outputs in our experiments. Without ad- 163

ditional models and fine-tuning, we introduce a 164

lightweight method to reduce the reliance on the 165

fragile extraction methods and provides a more 166

faithful evaluation of reasoning models’ abilities. 167
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3 Experiment Setup168

The experiments are designed to highlight current169

problems associated with finding answers in reason-170

ing models’ output (Study 1 in Section 4) and then171

assess the validity of introduced method Answer172

Regeneration (Study 2 in Section 5).173

We utilize lm-evaluation-harness toolkit for its174

simplicity in customizing the post-processing rules.175

MMLU (Hendrycks et al., 2021) benchmark is176

primarily used, given its widely adoption for eval-177

uating LLMs’ knowledge1. The multiple-choice178

format of MMLU serves as a foundational task that179

simplifies the answer extraction process for our ini-180

tial analysis. We then extend our evaluation to more181

complex tasks MMLU-Pro (Wang et al., 2024),182

the mathematical reasoning GSM8K (Cobbe et al.,183

2021) and the open-ended question answering Triv-184

iaQA (Joshi et al., 2017) in Section 6.185

We evaluate several open-source reasoning186

models: Qwen3 families–Qwen3-32B, Qwen3-187

14B, Qwen3-8B (Yang et al., 2025), along with188

DeepSeek families–Deepseek-R1-Distill-Llama-189

8B (referred to as R1-Llama-8B), DeepSeek-190

R1-0528-Qwen3-8B (referred to as R1-Qwen3-191

8B) (DeepSeek-AI, 2025), and other families–gpt-192

oss-20b (OpenAI, 2025), Phi-4-reasoning-plus (ref-193

ered to as Phi-4-reason+) (Abdin et al., 2025).194

For hyperparameter settings, we adhere to recom-195

mended best practices for each model, setting tem-196

perature, top-p, and top-k values. Prompt templates197

are sourced from lm-evaluation-harness, using198

thinking templates. Fine-tuned models for answer199

extraction, xFinder (Yu et al., 2024) (qwen1505,200

llama38it), are selected as a baseline.201

4 Study 1: Rule-based Answer Extraction202

203 4.1 Methods204

We evaluate 7 reasoning models using 5 different205

answer extraction methods to investigate how per-206

formance changes with extraction algorithms:207

strict-match and flexible-extract are adapted208

from lm-evaluation-harness. strict-match extracts209

a precise string such as "answer is X" or "Answer:210

X" and flexible-extract finds multiple-choice op-211

tions like (A), (B), (C), or (D), located near the212

end of the text. This is a common and effective ap-213

proach, as the final conclusion typically follows the214

reasoning. However, the original implementation215

1We select the original MMLU to better analyze how
models handle ambiguous questions, rather than the cleaned
MMLU-Redux (Gema et al., 2025).

has tendency to extract the last capital character 216

from any text, which can lead to errors. 217

instructed-format requires modifying the input 218

prompt to guide the model’s output format. As 219

recommended in Qwen3 technical report, we add 220

a specific instruction to the prompt: "Please show 221

your choice in the answer field with only the choice 222

letter, e.g., "answer": "C"." Rules are then imple- 223

mented to extract the answer from this specified 224

format. 225

Further heuristically optimized answer extrac- 226

tion methods are also used: We build upon 227

strict-match by creating answer-is-correct, which 228

includes variations like "X is the answer" or "X 229

could be the correct answer", addressing the limited 230

scope. We refine flexible-extract by developing 231

last-extract, which specifically targets the last sin- 232

gle capital character that appears in the output. All 233

the implementations accounts for minor variations 234

like "**X**", "**Answer:** X" and are designed 235

to select the last match to accommodate potential 236

self-correction within the model’s response. 237

Our objective is not to declare any one extraction 238

method superior. Instead, we aim to demonstrate 239

the range of performance that can be achieved us- 240

ing widely-used, well-optimized, heuristic extrac- 241

tion algorithms on a given task. Consequently, we 242

show that benchmark performance is not solely 243

dependent on the reasoning model’s ability but is 244

significantly influenced by the chosen answer ex- 245

traction rules. The exact regular expressions used 246

are described in the Appendix A.2. 247

4.2 Result 248

4.2.1 Performance Fluctuation 249

Figure 2 illustrates how different answer extraction 250

methods affect the performance of models. If an ex- 251

traction rule fails to find an answer, the response is 252

considered incorrect. The results reveal that model 253

performance fluctuates significantly depending on 254

the extraction method used. 255

With strict-match, the rankings of model per- 256

formances are Qwen3-8B, Qwen3-32B, Qwen3- 257

14B, R1-Qwen3-8B, R1-Llama-8B, Phi-4-reason+, 258

and gpt-oss-20b in order. The more optimized 259

answer-is-correct, derived from strict-match, sig- 260

nificantly improves the performance of all models. 261

This shifts the ranking to Qwen3-14B, Qwen3- 262

32B, R1-Qwen3-8B, Qwen3-8B, R1-Llama-8B, 263

gpt-oss-20b, and Phi-4-reason+. A similar sen- 264

sitivity is observed with the other methods. Us- 265
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Figure 2: MMLU performance in accuracy evaluated using various answer extraction algorithm. Responses are
considered incorrect if the extraction process fails to find an answer.

Answer Inconsistency Example

The following are multiple choice questions (with answers) about philosophy.
Q: According to Kant, nothing can be called “good” without qualification except _____.
(A) right action (B) good consequences (C) happiness (D) a good will
<think>Okay, so I need to figure out the answer to this Kant question. · · · but not the root of morality according to him.
Happiness (C) is not the foundation. So D is correct.\n</think>
**Answer:** answer-is-correct: (D) a good will
**Explanation:**
Immanuel Kant, a central figure in deontological ethics, argues in his *Groundwork of the Metaphysics of Morals* · · ·
- **(A) Right action** is not sufficient on its own, as Kant emphasizes the *intention* (good will) behind the action, · · ·
- **(B) Good consequences** are irrelevant to Kant, as he rejects consequentialism (e.g., utilitarianism).
- ** flexible-match: (C) Happiness** is not inherently good, as it can be pursued immorally (e.g., · · ·

Kant famously states: *" last-extract: A good will is the only thing that is good without qualification."* This
underscores his belief that moral value lies in the *will* to act according to duty, not in outcomes or subjective desires.
strict-match & instructed-format: [invalid]

Figure 3: An example from Qwen3-32B output illustrating how the final answer can vary significantly depending
on the extraction methods. The graphical boxes and bold text highlight the specific text extracted by each algorithm.

ing flexible-extract, the top models are Qwen-266

8B, Qwen3-14B, Phi-4-reason+, Qwen-32B, R1-267

Llama-8B, gpt-oss-20b, and R1-Qwen3-8B. With268

last-extract, Qwen3-14B performs the best, and269

the performance of gpt-oss-20b is significantly im-270

proved. Interestingly, despite following the rec-271

ommended best practices for multiple-choice ques-272

tion answering with instructed-format, the perfor-273

mance of models are not impressive compared to274

other extraction methods.275

The results also challenge the common assump-276

tion that larger models outperform smaller ones277

within the same family (i.e. Qwen3-14B and278

Qwen3-8B outperforms Qwen3-32B). Our anal-279

ysis indicates that the benchmark scores of reason-280

ing models are highly dependent on the answer281

extraction method used. These findings suggest282

that the discrepancies between publicly reported283

and reproduced performance scores may be due to284

differences not only in prompt inputs, but also in285

the specific answer extraction methods, which are286

not fully disclosed.287

4.2.2 Answer Inconsistency288

Figure 3 provides a clear example of how different289

extraction methods handle the same model output,290

illustrating the problem of answer inconsistency. In291

this example, strict-match and instructed-format292

fail. answer-is-correct successfully locates an an-293

swer after **Answer:**. However, flexible-match294

extracts option letters (A), (B), and (C) in the expla- 295

nation and choose the last one (C). The simple yet 296

effective last-extract extracts "A" as the final an- 297

swer. Furthermore, we observe unstable extraction 298

results due to unexpected LaTeX commands/sym- 299

bols and the option text without option labels. More 300

examples are presented in the Appendix A.4. 301

Figure 4 further illustrates this issue by showing 302

how the distribution of extracted answers changes 303

depending on the extraction method used. We 304

observe that the distribution of extracted answers 305

varies significantly. This highlights the crucial role 306

of the extraction method in determining model’s 307

final performance, suggesting that the choice of 308

method can introduce bias into the evaluation. 309

4.2.3 Answering for Incomplete Thinking 310

Another challenge in extracting answers from rea- 311

soning models is the issue of incomplete reasoning 312

(or thinking). Even when we set the maximum gen- 313

eration length to 4,096 tokens, we find that some 314

model outputs lack the </think> token and/or ex- 315

ceed the maximum token length, indicating that the 316

thinking process had not concluded. Table 1 reports 317

the percentage of outputs in this category. Fortu- 318

nately, this is a relatively small portion of the total 319

outputs except for Phi-4-reason+, primarily caused 320

by repetitions during the model’s generation. 321

We then select the best answer extraction method 322

for each model and measure the correctness of the 323
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Figure 4: Distribution of extracted final answers across different extraction algorithms. The y-axis represents the
answer extraction method, and the x-axis shows the extracted final answer, with "N/A" denoting cases where no
answer could be extracted. The results of Qwen3-14B and R1-Qwen3-8B are presented in the Appendix A.3.

Figure 5: The proposed Answer Regeneration framework for finding answers in model output. The yellow box
indicates the conventional method of direct extraction, while the blue box indicates the proposed framework.

Q3-32B Q3-14B Q3-8B gpt20b Phi4+ R1-Ll R1-Q3

(%) 2.9 2.8 6.2 6.1 82.7 6.7 6.8

best-extr ans-is ans-is last last flex flex ans-is

Correct 37.1 33.8 42.1 45.4 69.9 26.6 25.5
Incorrect 32.2 22.6 53.6 49.4 29.6 65.7 19.2
Invalid 30.7 43.6 4.3 5.2 0.5 7.7 55.3

Table 1: The percentage of incomplete thinking and the
corresponding accuracy of each reasoning model. (%)
refers to the portion of outputs where model’s think-
ing process is not completed. Phi-4-reason+ generally
shows repetitions in generation.

final answers derived from these incomplete out-324

puts. The results using answer-is-correct show325

a high rate of invalid extraction. This implies326

that even well-optimized extraction method can327

be less robust toward incomplete thinking, partic-328

ularly when the reasoning output does not contain329

definitive, explicitly formatted answering text.330

5 Study 2: Answer Generation331

332 Our analysis has shown that the final answer of333

reasoning models and the performance are highly334

sensitive based on how the answer is located and se-335

lected from the output. To address this and simplify336

the optimization of complex extraction algorithms,337

we propose a straightforward framework for reli-338

ably identifying the final answer.339

5.1 Method340

Our proposed framework Answer Regeneration,341

illustrated in Figure 5, tackles the challenge. In-342

stead of attempting to parse a final answer from343

model’s extensive thought, we provide the model 344

(in its non-reasoning mode) with the original input 345

prompt and its previous output (the reasoning pro- 346

cess) and a new prefix "Answer:". This prompts 347

the model to generate a concise, final answer based 348

on its prior reasoning by additional inferences. 349

This approach offers key benefits. For multiple- 350

choice tasks, it allows us to utilize probability- 351

based answering, as non-reasoning models have 352

been evaluated, leading to more robust predictions. 353

When the answer choices are not available, such 354

as open-ended question answering, it simplifies 355

the model’s output, making the final answer much 356

easier to extract with straightforward algorithms. 357

While effective, our framework has several ac- 358

knowledged limitations. The primary concern is 359

the computational cost of the additional inference 360

step; however, the overhead introduced by An- 361

swer Regeneration is practically small (i.e., only a 362

few tokens relative to the thinking tokens), as de- 363

tailed in the Appendix A.5. Second, the proposed 364

method may lack the sensitivity required to cap- 365

ture subtle variations in response formatting (e.g., 366

"**A**"). Lastly, minor discrepancies between the 367

regenerated outputs and the explicit answers were 368

observed, but human evaluation confirmed these 369

differences were negligible. 370

Despite these constraints, we believe our frame- 371

work’s simplicity and the clarity constitute signif- 372

icant contribution. We will demonstrate the prac- 373

tical benefits of this approach outweigh the limita- 374
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Figure 6: (left) A confusion matrix comparing the conventional answer extraction method (Rule) and the proposed
method (Regen). (right) The accuracy of answers extracted from the model’s thought, as determined by human
evaluation. We sample 300 instances when the extraction and regeneration are disagreed. Results are not reported
for cases where the model failed to provide a definitive answer or provided multiple option labels.

Q3-32B Q3-14B Q3-8B gpt20b Phi4+ R1-Ll R1-Q3

Rule(Best) 82.1 83.8 82.1 81.5 66.5 64.8 77.6

AnsRegen 87.1 85.0 83.3 84.7 77.4 68.8 81.1
xFinder(l) 86.4 84.5 81.9 82.8 65.3 64.8 80.1

Table 2: MMLU performance comparison between con-
ventional answer extraction and Answer Regeneration.
We report each model’s performance using its best-
performing extraction method.

tions using the same setup as our previous analyses.375

5.2 Result376

5.2.1 Improved Performance377

As presented in Table 2, the proposed method con-378

sistently reports better scores. Figure 6 (left) pro-379

vides a detailed look at the performance. While380

most of the final answers derived by both our381

method and the rule-based methods are the same,382

our framework achieves a much higher correction383

rate. This demonstrates that Answer Regenera-384

tion is successful at correcting incorrect answers385

extracted by rule-based approach.386

To compute the correction rate, we select 300387

instances from the outputs of Qwen3-32B, Qwen3-388

8B, gpt-oss-20b, Phi4-reason+, and R1-Llama-8B389

where the extraction and regeneration results dis-390

agreed. We then manually label the correct "gold"391

answers in terms of answer extraction from the392

thoughts. As shown in Figure 6 (right), the agree-393

ment rate of Answer Regeneration with the human394

label is far superior to that of the conventional an-395

swer extraction methods. While xFinder is a fine-396

tuned model, it shows comparable performance to397

rule-based answering. We provide a detailed com-398

parison with our approach in the Appendix A.6.399

5.2.2 Correlation with Model Size400

An interesting effect of our framework is the change401

in the performance ranking of Qwen3 models. The402

previous ranking derived from rule-based answer-403

ing, which was Qwen3-14B, Qwen3-32B, Qwen3-404

8B, shifted to 32B > 14B > 8B under our frame-405

Figure 7: Model performance evaluated on outputs
where the reasoning process is incomplete, using the
optimal answer extraction algorithm for each model.

work. This new ranking aligns with conventional 406

intuition and general knowledge that larger models 407

typically outperform smaller ones within the same 408

family. This suggests that the initial, counterin- 409

tuitive ranking is likely an artifact of the answer 410

extraction methods, not a true reflection of the mod- 411

els’ underlying capabilities. 412

5.2.3 Enhanced Robustness to Responses 413

The nature of our proposed Answer Regeneration 414

framework inherently addresses the issue of answer 415

inconsistency mentioned in Section 4.2.2. Since 416

it prompts the model to generate a final, definitive 417

answer, it bypasses the unpredictable results associ- 418

ated with various rule-based extraction algorithms. 419

Additionally, our method improves robustness 420

by handling internal self-correction within model 421

outputs. When facing ambiguous questions, a 422

model may initially provide an answer and then 423

continue its thinking process, generating alternative 424

solutions or re-evaluating its answer. Rule-based 425

answer extraction methods struggle to choose the 426

final answer from this internal debate. 427

A further key advantage is its ability to handle 428

"NOT correct" questions. Since many extraction al- 429

gorithms are designed to find the "correct" answer, 430

they fail when the question requires identifying in- 431

correct one. The algorithm may mistakenly extract 432

a correct option during the model’s rumination. 433
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Q3-32B Q3-14B Q3-8B gpt20b Phi4+ R1-Ll R1-Q3

strict 15.3 13.0 15.7 1.3 4.8 6.8 10.9
flexible 47.2 47.1 47.1 1.7 0.5 38.0 41.3
instructed 52.6 59.5 45.8 32.3 43.8 38.7 49.7
ans-is-corr 68.4 65.2 64.2 34.6 32.7 37.6 53.5
last-extr 66.8 63.4 62.0 64.6 43.3 42.2 45.3
built-in 72.1 69.4 64.6 43.2 23.0 43.3 58.3

AnsRegen 74.8 72.6 74.7 74.6 58.7 52.1 71.1
xFinder(q) 66.6 63.4 60.6 52.6 33.7 38.3 52.0
xFinder(l) 74.0 72.1 68.3 70.3 61.3 43.7 65.2

Reported2 79.8 77.4 74.3 75.0 n/a 54.3 73.9
▷Reproduced 63.0 59.2 57.3 24.5 10.7 42.3 40.7

Table 3: Model performance on MMLU-Pro. The eval-
uation utilizes the same answer extraction algorithms
used in our MMLU analysis, including the built-in algo-
rithm from lm-evaluation-harness.

Finally, our method significantly improves per-434

formance in cases of incomplete thinking, as shown435

in Figure 7. Instead of relying on rules to parse an436

incomplete output, our framework can select the fi-437

nal answer even when the thought does not include438

an explicit final answer.439

6 Studies on Additional Tasks440

441 6.1 Complex Multiple-Choice Question442

Answering443

As an extension of our previous findings, we in-444

vestigate our framework on MMLU-Pro (Wang445

et al., 2024), a more complex benchmark with a446

dynamic number of answer options. The result,447

shown in Table 3, demonstrates that while the built-448

in extraction algorithm from lm-evaluation-harness449

performs better than algorithms optimized only450

for MMLU, Answer Regeneration—not specifi-451

cally tuned for any benchmark—still achieves su-452

perior performance. Furthermore, the scores are453

also closer to the publicly reported performance2,454

despite the reported scores benefiting from more455

specific prompt engineering (e.g., detailed task de-456

scriptions for individual subtasks), as demonstrated457

in our reproduced score using their extraction rules.458

Fine-tuned models for answer extraction,459

xFinder, fail to deliver significant performance460

gains. Furthermore, the observed performance461

variance across different models (i.e., qwen1505,462

llama38it) suggests that the model selection sig-463

nificantly impacts reasoning model’s performance.464

Consequently, we argue that evaluating models465

through our framework ensures a more robust and466

impartial assessment of true capabilities, yielding467

competitive results without requiring task-specific468

optimization.469

2https://artificialanalysis.ai/evaluations/
mmlu-pro.

Q3-32B Q3-14B Q3-8B gpt20b Phi4+ R1-Ll R1-Q3

strict 3.3 2.7 1.7 0.6 1.5 0.0 0.1
flexible 33.3 33.5 19.3 92.0 76.5 69.2 85.1
instructed 93.5 92.2 88.6 48.8 65.6 54.8 85.8
ans-is-corr 89.6 87.6 91.9 63.8 59.7 63.1 83.4

AnsRegen 96.8 96.4 95.5 92.4 93.6 76.0 91.1
xFinder(q) 95.5 94.5 93.4 93.6 75.7 75.7 90.6
xFinder(l) 95.9 95.0 93.5 94.9 88.7 78.1 92.7

Table 4: Model performance on GSM8K. Note that
strict-match and flexible-extract are implemented
in lm-evaluation-harness. last-extract is not useful.

6.2 Short-Answer Math Problems 470

We explore the effectiveness of our framework in 471

math domain using GSM8K benchmark (Cobbe 472

et al., 2021), which features structured (as numbers) 473

but relatively open-ended question answering task. 474

As shown in Table 4, instructed-format , a 475

template specifically recommended for mathemat- 476

ical problems, and flexible-match performs well 477

among the various extraction methods. We also 478

modify answer-is-correct to better handle com- 479

mon mathematical formatting, such as numbers 480

and symbols like $, ",", and ".". Despite these 481

optimizations, Answer Regeneration with minor 482

post-processing to remove LaTeX commands, such 483

as \boxed{} or \text{}, achieves high performance 484

comparable to those of a fine-tuned xFinder. 485

We also conduct a human evaluation of instances 486

where the methods’ results disagreed. Answer Re- 487

generation reports 16.3% correct, while the answer 488

extraction method is correct in only 6.1% of the 489

cases. This underscores the superior reliability of 490

our framework even in complex, structured but 491

open-ended domains like mathematics. 492

6.3 Open-ended Question Answering 493

Evaluating generative models on open-ended 494

question-answering tasks presents two main chal- 495

lenges: (1) finding the answer within the model’s 496

output. (2) determining semantic equivalence be- 497

tween the generated answer and the gold answer. 498

To alleviate the second challenge, we use Trivi- 499

aQA (Joshi et al., 2017), known for its extensive 500

gold answer variations and aliases, minimizing the 501

need for complex semantic matching. 502

As illustrated in Table 5 (left), Answer Regen- 503

eration consistently outperforms direct answer ex- 504

traction from reasoning outputs. To further validate 505

it, we compare it against two LLM-as-a-judge ap- 506

proaches (Zheng et al., 2023): GPTGrader (Wei 507

et al., 2024) and Equality Checker3. GPTGrader 508

3https://artificialanalysis.ai/methodology/
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Method (↓) Evaluator Q3-32BQ3-14BQ3-8B gpt20bPhi4+ R1-Ll R1-Q3

String
Match

ans-is-corr - 42.7 47.5 44.2 54.8 22.3 11.7 35.6
AnsRegen - 77.7* 77.6 67.7 62.3 68.6 58.2 60.8

Model
-based

GPT
Grader

Qwen3-32B 3.1* 3.8 3.6 4.8 1.1 1.3 2.9
gpt-oss-20b 47.0 53.4 46.7 50.8 18.1 18.3 39.2
Phi-4-reason+ 48.6 55.3 48.1 47.6 11.3 18.4 40.5
R1-Llama-8B 69.2* 68.1 62.8 72.0 60.1 58.6 57.5

Equality
Checker

Qwen3-32B 7.3* 5.2 6.1 14.3 40.9 32.0 8.2
gpt-oss-20b 46.6 48.9 46.8 40.1 31.2 36.3 46.4
Phi-4-reason+ 61.9 63.2 57.1 61.1 26.7 28.2 50.4
R1-Llama-8B 67.1 62.5 57.6 63.7 40.0 36.6 53.4

xVerify xVerify-8B-I 21.6* 24.9 22.1 16.6 3.9 8.0 18.7

xFinder
qwen1505 1.3 1.4 1.2 0.2 0.6 0.7 1.1
llama38it 1.5 1.4 1.2 1.4 0.0 0.0 0.9

Table 5: (left) Performance of reasoning models on open-ended question answering TriviaQA. (right) Confusion
matrix illustrating human evaluation performance on 100 samples in determining semantic equivalence between the
generated answer and the gold answer. ∗ denotes the selected results for the detailed human evaluation.

utilizes an additional inference call with extensive509

prompts to categorize semantic similarity as "cor-510

rect" (equivalent), "incorrect" (not equivalent), or511

"invalid". Equality Checker employs a more com-512

pact prompt strategy to provide a binary "correct"513

or "incorrect" classification. We also evaluate xVer-514

ify (Chen et al., 2025), which uses a fine-tuned515

model for equivalence assessment, and xFinder,516

which supports a LLM-as-a-judge approach within517

its implementation.518

While model-based evaluations yield higher519

scores in some cases (e.g., when judged by R1-520

Llama-8B), they are undermined by inherent model521

bias. Table 5 (right) presents human evaluation522

of semantic equivalence, comparing the model523

judgment against human judgments on 100 sam-524

pled outputs. GPTGrader with Qwen3-32B con-525

sistently predicts "incorrect" for correct answers,526

while Equality Checker reveals a bias toward "cor-527

rect." xVerify and xFinder default to incorrect and528

R1-Llama-8B exhibits a bias toward "correct." In529

contrast, our string-match-based method avoids530

these inherent model biases. Despite the known531

limitations of string matching in capturing com-532

plex semantic nuances, it provides a more reliable533

performance metric; our method achieved 77.7%534

accuracy, closely aligning with human evaluation535

of 77% in Qwen3-32B.536

7 Discussion and Conclusion537

Our analysis highlights a critical, yet often over-538

looked, challenge in evaluating reasoning models:539

the profound impact of the answer extraction meth-540

ods on performance scores. We have demonstrated541

that the performances can fluctuate significantly542

based on how the final answer is parsed from its543

reasoning output. This finding suggests that dis-544

intelligence-benchmarking#equality-checker-llm

crepancies between publicly reported scores and 545

reproduced results may stem from undocumented 546

variations not only in prompting, but in extraction 547

methods itself. To mitigate this, we introduced An- 548

swer Regeneration framework, offering significant 549

advantages over conventional rule-based extraction 550

without requiring specific tuning. 551

Our framework is most effective when the tar- 552

get answer space is highly constrained, such as 553

multiple-choice QA. In math domains, while an- 554

swers are generally numerical, the inclusion of sym- 555

bols ($), units (%), and varying decimal formats 556

introduces minor challenges for string-match-based 557

evaluation. Open-ended QA is the least constrained 558

task, allowing for a near-infinite range of output 559

formats. While Answer Regeneration still offers 560

an improvement over heuristic methods, the inher- 561

ent difficulty of standardizing the "correct" answer 562

string in a free-form text context limits the magni- 563

tude of the measured robustness gain. 564

Beyond the quantitative improvements, we have 565

conducted human evaluations to ensure our frame- 566

work provides a more accurate reflection of a 567

model’s true capabilities. Our results also show 568

that the performance rankings for Qwen3 mod- 569

els aligned with the intuition that larger models 570

generally outperform smaller ones. Crucially, our 571

method avoids the biases of model-specialized an- 572

swer extraction rules or LLM-as-a-judge methods. 573

Furthermore, the framework proves more resilient 574

to common failure of rule-based approach, includ- 575

ing handling incomplete thinking, self-correction, 576

and questions asking for the "incorrect" choice, all 577

of which can confuse rule-based extraction. 578

In conclusion, through our findings from analy- 579

sis and the introduction of Answer Regeneration 580

framework, we believe this work contributes to- 581

ward more reliable and faithful model evaluation 582

for all reasoning-powered LLMs. 583
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8 Limitations584

Technical Novelty in Answer Regeneration We585

acknowledge that Answer Regeneration frame-586

work itself lacks technical novelty. However, we587

contend that the value of our contribution lies in the588

simplicity and the clarity of the results and analysis589

it provides. Our work demonstrates the benefits590

of using this framework as a robust and reliable591

reference for evaluating and fairly comparing the592

performance of reasoning models.593

Experiments with Sophisticated Extraction594

Rules Our experiments adopted established an-595

swer extraction rules from lm-evaluation-harness596

(strict-match, flexible-match). Building upon597

these, we developed more complex, heuristic598

rules (answer-is-correct, last-extract) and in-599

cluded the recommended rule for Qwen3 fami-600

lies (instructed-format). While we recognize that601

more aggressively optimized, domain-specific rules602

could exist, we maintain that such highly-specified603

rules will still fail to handle the full spectrum of604

answer variations.605

Experiments with Diverse LLMs and Prompts606

Our focus was on output-level results, which means607

that the effect of different input prompts seem to608

be overlooked. Furthermore, our investigation was609

limited to publicly available open-source reason-610

ing models. Although greater diversity in models611

and prompts would enhance generalizability, we612

believe that the widely-used models and default613

prompts from established repositories provide suf-614

ficiently general results for our findings. We defer615

the investigation of commercial LLMs, such as616

ChatGPT, Gemini, and Claude, to future work. As617

a minor note, we observed that small variations in618

the input prompts (e.g., changes of option labels619

or the "Answer:" prefix) do not significantly affect620

performance.621

Inherent Weakness of Answer Regeneration622

As discussed in Section 5.1, Answer Regenera-623

tion carries inherent limitations. Nonetheless, we624

believe that employing the simplest possible frame-625

work was the most effective way to demonstrate the626

core benefits of our approach. Exploring further627

techniques within this framework, such as incorpo-628

rating concepts like self-consistency (Wang et al.,629

2022), represents a valuable direction for future630

research.631
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A Appendix778

A.1 Evaluation Toolkits779

MMLU Hendrycks (Hendrycks et al., 2021) and780

follow-ups such as MMLU-Pro (Wang et al., 2024)781

are deeply integrated into most of toolkits, but the782

original implementation only supports probability783

based answering for multiple choice question an-784

swering. HELM (Holistic Evaluation of Language785

Models; Liang et al. (2023)) simply use Quasi-786

exact match that post-process the model genera-787

tion, such as lower-casing, removing whitespace788

and punctuation and articles. Also, OpenCom-789

pass (OpenCompass Contributors, 2023) supports790

both option-likelihood scoring and post-processing791

option (but provided with blank) to be customized792

for reasoning outputs, its metrics mainly rely on793

model-based scoring. Similarly, lighteval (Habib794

et al., 2023) has metrics for generated outputs, but795

there is only a scoring function, not mentioning796

about post-processing.797

A.2 Regular Expressions used in the798

Experiments799

Note that () makes groups in regular expression and800

\\is required both for meta characters and escape801

sequence in lm-evaluation-harness.802

• strict-match: ((?<=The answer is803

)(.*)(?=.)|(?<=answer is )(.*)(?=.)|(?<=The804

answer: )(.*)(?=.)|(?<=The final answer:805

)(.*)(?=.))806

• flexible-extract: (\\([A-D]\\))807

• instructed-format:[Aa]nswer\"?:\\s*808

\"?\\(?([A-D])\"|\"?\\**(?([A-D])\"809

• answer-is-correct:810

\\**[Aa]nswer:\\**\\s*(\\(?[A-811

D]\\)?)|\\**[Aa]nswer\\**:\\s*(\\(?[A-812

D]\\)?)|[Aa]nswer is \\**(\\(?[A-813

D]\\)?)\\**|[Aa]nswer should be \\**(\\(?[A-814

D]\\)?)\\**|[Aa]nswer:\\s+\\**(\\(?[A-815

D]\\)?)\\**|correct answer is \\**(\\(?[A-816

D]\\)?)\\**|correct answer:\\s+\\**(\\(?[A-817

D]\\)?)\\**|\\**(\\(?[A-D]\\)?)\\** is correct|818

*(\\(?[A-D]\\)?)\\** is the correct|\\**(\\(?[A-819

D]\\)?)\\** is the answer|\\**(\\(?[A-820

D]\\)?)\\** should be the answer821

• last-extract: [^a-zA-Z0-9]([A-D])[^a-zA-822

Z0-9]823

A.3 Distribution of Extracted Final Answers824

Distribution of extracted final answers across differ-825

ent extraction algorithms. The y-axis represents the826

answer extraction method, and the x-axis shows the 827

extracted final answer, with "N/A" denoting cases 828

where no answer could be extracted. 829

A.4 More Answer Inconsistency Example 830

Another example from Qwen3-32B output illus- 831

trating how the final answer can vary significantly 832

depending on the extraction method used. The 833

graphical boxes and bold text highlight the specific 834

text extracted by each algorithm. 835

Answer Inconsistency Example

The following are multiple choice questions (with
answers) about high school physics.
Q: The plates of a capacitor are charged to a potential
difference of 5 V. If the capacitance is 2 mF, what is
the charge on the positive plate?
(A) 0.005 C (B) 0.01 C (C) 0.02 C (D) 0.5 C
<think>
Okay, let’s see. The question is about finding the
charge on the positive plate of a capacitor. · · · the
charges on the two plates are equal in magnitude but
opposite in sign. So the positive plate has +Q and the
negative has -Q. But the question is just asking for the
magnitude, so the answer is still 0.01 C. Therefore,
option B is correct.
</think>
To determine the charge on the positive plate
of a capacitor, · · · Since the question asks
for the **magnitude** of the charge on the
**positive** plate, the correct answer is: $$
instructed-format: \boxed{0.01 \, \text{C}}

$$
—
### Final Answer:
** flexible-match: (B)

0.01 last-extract: C **

strict-match & ans-is-correct: [invalid]

A.5 Quantitative Measurement of the 836

Inference Overhead 837

The overhead of Answer Regeneration is mea- 838

sured by the number of tokens generated during the 839

additional inference step. For MMLU and MMLU- 840

pro, Answer Regeneration typically requires only 841

a few tokens as the generated output is constrained 842

to the choice letters (e.g., A, B, C, D). Table 6 843
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Data Tokens Qwen3-32B Qwen3-14B Qwen3-8B R1-Llama-8B R1-Qwen3-8B gpt-oss-20b Phi-4-reason+

GSM8K Avg. #Think Tokens 1575.8 1590.1 1986.1 466.7 1931.3 283.4 4095.8
Avg. #AnsRegen Tokens 13.2 8.8 9.8 7.7 24.7 17.0 32.0

TriviaQA Avg. #Think Tokens 963.4 881.1 830.6 712.2 681.3 952.3 4093.8
Avg. #AnsRegen Tokens 17.5 11.9 16.9 14.3 14.9 23.7 30.7

Table 6: Quantitative measurement of the inference overhead in GSM8K and TriviaQA.

presents the average number of output tokens con-844

sumed by both the initial thinking process and the845

subsequent Answer Regeneration step for various846

models:847

The quantitative results demonstrate that the848

number of tokens required for Answer Regenera-849

tion is negligible when compared to the vast num-850

ber of tokens generated in the initial reasoning851

("Thinking") phase. Therefore, the inference over-852

head introduced by our method is practically in-853

significant while providing substantial robustness854

gains.855

A.6 MMLU Results: xFinder vs. Answer856

Regeneration857

We analyzed all Qwen3-32B outputs where the858

extractions from xFinder and Answer Regenera-859

tion diverged. Our manual labeling reveals that, in860

49.3% of these cases, the model either generated861

multiple conflicting answers or failed to provide862

a valid response. xFinder outperforms Answer863

Regeneration with a winning ratio of 28.5% com-864

pared to 22.2%. Given that xFinder is a specialized,865

fine-tuned model while the regenerator used for866

Qwen3-32B is a larger general-purpose model, this867

performance gap suggests that the marginal gains.868

Our analysis highlights that xFinder is precise869

in simple outputs and Answer Regeneration is ro-870

bust in complex outputs; xFinder’s results aligned871

with rule-based extraction in 98.4% of cases This872

high correlation indicates that xFinder is highly ef-873

fective at identifying and extracting answers from874

simple, straightforward outputs. On the other hand,875

Answer Regeneration matched rule-based extrac-876

tion in only 88.2% of cases. Detailed qualitative877

analysis suggests that this method excels when deal-878

ing with complex or verbose outputs—specifically879

those involving self-correction, rumination, choos-880

ing the best answer among multiple answers where881

standard extraction rules often fail.882
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