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Abstract

Evaluating generative models, such as large
language models (LLMs), commonly involves
question-answering tasks where the final an-
swer is selected based on probability of answer
choices. On the other hand, for models requir-
ing reasoning, the method of answer extraction
plays a critical role. We reveal that the per-
formance of reasoning models and their final
answer distributions are highly sensitive to the
answer extraction algorithm employed. In or-
der to mitigate this, we propose a basic frame-
work: ANSWER REGENERATION. The method uses
an additional model inference, providing the
prior input and output prefaced by the prompt
"Answer:". The final answer is then selected
or extracted from the regenerated output. In
the experiments, we show that this extraction-
rule-agnostic approach exhibits improved per-
formance and enhanced robustness. Further-
more, we have applied this framework to gen-
eral math problems and open-ended question
answering tasks. We believe our analysis and
this framework could offer a more reliable re-
sults for model evaluation.

1 Introduction

The conventional approach for generating answers
from large language models (LLMs) involves se-
lecting the answer choice with the highest proba-
bility when conditioned on the input prompt and
each choice following a specific prefix, such as
"Answer:" (Hendrycks et al. (2021); Liang et al.
(2023); OpenCompass Contributors (2023); Habib
et al. (2023); inter alia). For tasks without answer
choices, prior work has relied on rule-based extrac-
tion (e.g., searching for "Answer: X" or "answer
is X"), model judges for semantic similarity, or hu-
man evaluation (Kamalloo et al. (2023); Wei et al.
(2024); Chandak et al. (2025); Chen et al. (2025);
inter alia). However, reasoning-powered LLMs
need to output their reasoning process (Chain-of-
Thought (CoT)) (Wei et al., 2022) to leverage their

Reasoning Model Output Example

[college_computer_science]- - - </think>
-+ id**Correct Answer: (D) I, I, and TIT**"

[college_chemistry]--- </think>---
##H#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
output complicates traditional evaluation. Specifi-
cally, it prevents the use of methods based on the
probability of specific answer choices and limits
the applicability of most LLM-as-a-judge (Zheng
et al., 2023) evaluations. This shift introduces a
new, critical challenge: how to reliably find the
answer from the detailed output that includes all
the reasoning steps matters.

Conventional rule-based approach suffers from
a fundamental flaw: heuristic rules cannot account
for all possible answer formats. Figure 1 illustrates
examples from multiple-choice question answer-
ing benchmark MMLU (Hendrycks et al., 2021).
A single model can use different formats in its re-
sponses, sometimes boxing the answer in brackets
(i.e., \boxed{ }) or answering the option text in vari-
ous formats (e.g., "Merton", "fornix") instead of the
option label (e.g., "(D)"). Furthermore, the formats
can vary significantly between different models and
even across different types of benchmarks, such as
multiple-choice, math, and open-ended questions.
This means that optimal extraction rules need to
be created and tuned for every individual model



and benchmark (e.g., rules for options, numbers,
or word(s)), which makes the process difficult and
even affects the reproducibility of model results.

In this paper, we first empirically demonstrate
the impact of answer extraction rules on reasoning-
powered model (Section 4). We then introduce
ANSWER REGENERATION, a simple, generation-based
framework designed to alleviate the dependency on
specific answer extraction rules (Section 5). Instead
of relying on complex extraction rules, our method
utilizes an additional inference step to prompt the
model to regenerate its final answer. It allows us to
use probability-based answering for choices or ex-
tract the answer from a simplified output, resulting
in practical effectiveness.

Our experiments reveal that model performances
are highly sensitive to the extraction rules em-
ployed. Depending on the rules, distinct answers—
no answers at all in some cases—may be extracted
from the same LLM response. On the other hand,
ANsWER REGENERATION consistently outperforms the
handcrafted rule-based extractions, improving both
in benchmark scores and human evaluation results.
Our method also achieves intuitive model rank-
ings, where larger models are shown to outperform
smaller ones. We demonstrate ANSWER REGENERA-
TION significantly reduces the dependency on spe-
cific answer extraction rules, thereby improving ro-
bustness and reproducibility of model evaluations.
Furthermore, we apply our framework to diverse
tasks, including complex multiple-choice question
answering, short-answer math problems, and open-
ended question answering. In all cases, our method
proves to be a plausible and effective approach for
the fair evaluation of reasoning models.

Our contributions in this work are as follows:

e We empirically investigate the sensitivity of
reasoning-powered LLMs to rule-based an-
swering, revealing a strong dependency on
the choice of answer extraction algorithm.

e We propose the generation-based framework
ANSWER REGENERATION. It achieves (1) su-
perior performance both on quantitative and
qualitative scores compared with handcrafted
rules, (2) intuitive model rankings, and (3) sig-
nificantly enhanced robustness against answer
inconsistency and incomplete outputs.

e We demonstrate the generalizability and effec-
tiveness of our framework across diverse tasks,
confirming its plausibility for more robust and
fair model evaluations.

2 Related Work

A growing body of work shows that LLM perfor-
mance can vary drastically with small changes in
prompt format, even when the underlying seman-
tics are equivalent (Sclar et al., 2024; He et al.,
2024; Alzahrani et al., 2024). Consequently, Polo
et al. (2024); Mizrahi et al. (2024) proposed the
methods to mitigate the effect of prompt variations.
While the previous research focused on input-level
prompt variations and their impact on model evalu-
ation, we focus on output-level final answer varia-
tions from reasoning LLMs.

Therefore, it is noteworthy to find out how recent
LLM evaluations handle outputs from reasoning
models. A number of open evaluation frameworks
typically support (1) probability—based answering
for multiple-choice tasks or (2) simple heuristic
post-processing for free-form generations, involv-
ing only de-capitalization or blank-space normal-
ization. Details on the implementations of MMLU
Hendrycks (Hendrycks et al., 2021), HELM (Liang
et al., 2023), OpenCompass (OpenCompass Con-
tributors, 2023), and lighteval (Habib et al., 2023)
can be found in the Appendix A.1.

Im-evaluation-harness (Biderman et al., 2024)
has become the de facto community standard for
reproducible LLM evaluation. Generative tasks
use string-match with optional regular expressions
or rule-based normalizers. While recent templates
support CoT prompting, the final answer is still
recovered via simple patterns (e.g., "Answer: X"),
or a last-capital-letter heuristic. As we will demon-
strate, such extraction rules can swing scores and
even reorder model rankings.

Recent works also tackled the importance of an-
swer extraction, especially for instruct-tuned mod-
els. However, the outputs of reasoning models
are significantly complicated compared with CoT-
invoked outputs of instruct-tuned models to be in-
vestigated by simple regular expressions (Molfese
et al., 2025). xFinder (Yu et al., 2024) attempted to
mitigate the dependency on the rules by fine-tuning
LLMs specialized to answer extractions. However,
it becomes that the evaluation is not only dependent
on the performance of answer extractor but also the
extractors show limited performance on the long
reasoning outputs in our experiments. Without ad-
ditional models and fine-tuning, we introduce a
lightweight method to reduce the reliance on the
fragile extraction methods and provides a more
faithful evaluation of reasoning models’ abilities.



3 Experiment Setup

The experiments are designed to highlight current
problems associated with finding answers in reason-
ing models’ output (Study 1 in Section 4) and then
assess the validity of introduced method ANSWER
REGENERATION (Study 2 in Section 5).

We utilize Im-evaluation-harness toolkit for its
simplicity in customizing the post-processing rules.
MMLU (Hendrycks et al., 2021) benchmark is
primarily used, given its widely adoption for eval-
uating LLMs’ knowledge!. The multiple-choice
format of MMLU serves as a foundational task that
simplifies the answer extraction process for our ini-
tial analysis. We then extend our evaluation to more
complex tasks MMLU-Pro (Wang et al., 2024),
the mathematical reasoning GSM8K (Cobbe et al.,
2021) and the open-ended question answering Triv-
iaQA (Joshi et al., 2017) in Section 6.

We evaluate several open-source reasoning
models: Qwen3 families—Qwen3-32B, Qwen3-
14B, Qwen3-8B (Yang et al., 2025), along with
DeepSeek families—Deepseek-R1-Distill-Llama-
8B (referred to as R1-Llama-8B), DeepSeek-
R1-0528-Qwen3-8B (referred to as R1-Qwen3-
8B) (DeepSeek-Al, 2025), and other families—gpt-
0ss-20b (OpenAl, 2025), Phi-4-reasoning-plus (ref-
ered to as Phi-4-reason+) (Abdin et al., 2025).
For hyperparameter settings, we adhere to recom-
mended best practices for each model, setting tem-
perature, top-p, and top-k values. Prompt templates
are sourced from Im-evaluation-harness, using
thinking templates. Fine-tuned models for answer
extraction, xFinder (Yu et al., 2024) (qwen1505,
llama38it), are selected as a baseline.

4 Study 1: Rule-based Answer Extraction
4.1 Methods

We evaluate 7 reasoning models using 5 different
answer extraction methods to investigate how per-
formance changes with extraction algorithms:
strict-match and flexible-extract are adapted
from Im-evaluation-harness. strict-match extracts
a precise string such as "answer is X" or "Answer:
X" and flexible-extract finds multiple-choice op-
tions like (A), (B), (C), or (D), located near the
end of the text. This is a common and effective ap-
proach, as the final conclusion typically follows the
reasoning. However, the original implementation
'We 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
from any text, which can lead to errors.

instructed-format requires modifying the input
prompt to guide the model’s output format. As
recommended in Qwen3 technical report, we add
a specific instruction to the prompt: "Please show
your choice in the answer field with only the choice
letter, e.g., "answer": "C"." Rules are then imple-
mented to extract the answer from this specified
format.

Further heuristically optimized answer extrac-
tion methods are also used: We build upon
strict-match by creating answer-is-correct, which
includes variations like "X is the answer" or "X
could be the correct answer", addressing the limited
scope. We refine flexible-extract by developing
last-extract, which specifically targets the last sin-
gle capital character that appears in the output. All
the implementations accounts for minor variations
like "#*X**" k% Answer:** X" and are designed
to select the last match to accommodate potential
self-correction within the model’s response.

Our objective is not to declare any one extraction
method superior. Instead, we aim to demonstrate
the range of performance that can be achieved us-
ing widely-used, well-optimized, heuristic extrac-
tion algorithms on a given task. Consequently, we
show that benchmark performance is not solely
dependent on the reasoning model’s ability but is
significantly influenced by the chosen answer ex-
traction rules. The exact regular expressions used
are described in the Appendix A.2.

4.2 Result
4.2.1 Performance Fluctuation

Figure 2 illustrates how different answer extraction
methods affect the performance of models. If an ex-
traction rule fails to find an answer, the response is
considered incorrect. The results reveal that model
performance fluctuates significantly depending on
the extraction method used.

With strict-match, the rankings of model per-
formances are Qwen3-8B, Qwen3-32B, Qwen3-
14B, R1-Qwen3-8B, R1-Llama-8B, Phi-4-reason+,
and gpt-o0ss-20b in order. The more optimized
answer-is-correct, derived from strict-match, sig-
nificantly improves the performance of all models.
This shifts the ranking to Qwen3-14B, Qwen3-
32B, R1-Qwen3-8B, Qwen3-8B, R1-Llama-8B,
gpt-0ss-20b, and Phi-4-reason+. A similar sen-
sitivity is observed with the other methods. Us-
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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

**Answer:**‘ answer-is-correct: (D) |a good will
**Explanation: **

‘ strict-match & instructed-format: [invalid] ‘

\

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>

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: *" good will is the only thing that is good without qualification."* This

underscores his belief that moral value Iies in the *will* to act according to duty, not in outcomes or subjective desires.

J

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-
8B, Qwen3-14B, Phi-4-reason+, Qwen-32B, R1-
Llama-8B, gpt-0ss-20b, and R1-Qwen3-8B. With
last-extract, Qwen3-14B performs the best, and
the performance of gpt-oss-20b is significantly im-
proved. Interestingly, despite following the rec-
ommended best practices for multiple-choice ques-
tion answering with instructed-format, the perfor-
mance of models are not impressive compared to
other extraction methods.

The results also challenge the common assump-
tion that larger models outperform smaller ones
within the same family (i.e. Qwen3-14B and
Qwen3-8B outperforms Qwen3-32B). Our anal-
ysis indicates that the benchmark scores of reason-
ing models are highly dependent on the answer
extraction method used. These findings suggest
that the discrepancies between publicly reported
and reproduced performance scores may be due to
differences not only in prompt inputs, but also in
the specific answer extraction methods, which are
not fully disclosed.

4.2.2 Answer Inconsistency

Figure 3 provides a clear example of how different
extraction methods handle the same model output,
illustrating the problem of answer inconsistency. In
this example, strict-match and instructed-format
fail. answer-is-correct successfully locates an an-
swer after **Answer:**, However, flexible-match

extracts option letters (A), (B), and (C) in the expla-
nation and choose the last one (C). The simple yet
effective last-extract extracts "A" as the final an-
swer. Furthermore, we observe unstable extraction
results due to unexpected LaTeX commands/sym-
bols and the option text without option labels. More
examples are presented in the Appendix A.4.
Figure 4 further illustrates this issue by showing
how the distribution of extracted answers changes
depending on the extraction method used. We
observe that the distribution of extracted answers
varies significantly. This highlights the crucial role
of the extraction method in determining model’s
final performance, suggesting that the choice of
method can introduce bias into the evaluation.

4.2.3 Answering for Incomplete Thinking

Another challenge in extracting answers from rea-
soning models is the issue of incomplete reasoning
(or thinking). Even when we set the maximum gen-
eration length to 4,096 tokens, we find that some
model outputs lack the </think> token and/or ex-
ceed the maximum token length, indicating that the
thinking process had not concluded. Table 1 reports
the percentage of outputs in this category. Fortu-
nately, this is a relatively small portion of the total
outputs except for Phi-4-reason+, primarily caused
by repetitions during the model’s generation.

We then select the best answer extraction method
for each model and measure the correctness of the



Qwen3-32B

Qwen3-8B

19.0 ' 13.8 29.2 S 11.2 6.9

226 229 19.2 17.0

214 28.0 13.4 146

241 243 126 11.8

24.7 255 221 223

A B

gpt-0ss-20b

Phi-4-reason+ R1-Llama-8B

56 3.0 18.7 6.5 6.1
22.7 3.8

15.8 13.6 Eraj

16.5 119 8.6

141 151 16.0

85 10.5 20.8 19.1

16.7 12.1 I 9.1 103 11.2

23.4

PZAREPLRE 1.8

pEXN 10.5

248 3.7 16.6 154 16.6

C D N/A A B C D N/A A B C D N/A

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.
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Figure 5: The proposed ANswiErR 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-L1 R1-Q3
%) 2.9 2.8 6.2 6.1 827 6.7 6.8
best-extr ans-is ans-is last last flex flex ans-is
Correct 37.1 338 4211 454 699 266 255
Incorrect 322 226 53.6 494 296 657 19.2
Invalid 30.7 43.6 43 5.2 0.5 7.7 553

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-
puts. The results using answer-is-correct show
a high rate of invalid extraction. This implies
that even well-optimized extraction method can
be less robust toward incomplete thinking, partic-
ularly when the reasoning output does not contain
definitive, explicitly formatted answering text.

5 Study 2: Answer Generation

Our analysis has shown that the final answer of
reasoning models and the performance are highly
sensitive based on how the answer is located and se-
lected from the output. To address this and simplify
the optimization of complex extraction algorithms,
we propose a straightforward framework for reli-
ably identifying the final answer.

5.1 Method

Our proposed framework ANSWER REGENERATION,
illustrated in Figure 5, tackles the challenge. In-
stead of attempting to parse a final answer from

model’s extensive thought, we provide the model
(in its non-reasoning mode) with the original input
prompt and its previous output (the reasoning pro-
cess) and a new prefix "Answer:". This prompts
the model to generate a concise, final answer based
on its prior reasoning by additional inferences.

This approach offers key benefits. For multiple-
choice tasks, it allows us to utilize probability-
based answering, as non-reasoning models have
been evaluated, leading to more robust predictions.
When the answer choices are not available, such
as open-ended question answering, it simplifies
the model’s output, making the final answer much
easier to extract with straightforward algorithms.

While effective, our framework has several ac-
knowledged limitations. The primary concern is
the computational cost of the additional inference
step; however, the overhead introduced by An-
SWER REGENERATION is practically small (i.e., only a
few tokens relative to the thinking tokens), as de-
tailed in the Appendix A.5. Second, the proposed
method may lack the sensitivity required to cap-
ture subtle variations in response formatting (e.g.,
"k A*E") Lastly, minor discrepancies between the
regenerated outputs and the explicit answers were
observed, but human evaluation confirmed these
differences were negligible.

Despite these constraints, we believe our frame-
work’s simplicity and the clarity constitute signif-
icant contribution. We will demonstrate the prac-
tical benefits of this approach outweigh the limita-
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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-L1 RI1-Q3

Rule(Best) 82.1 838 821 815 665 648 776
AnsRegen 87.1 850 833 847 774 688 811
xFinder(l) 86.4 845 819 828 653 648 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.

5.2 Result

5.2.1 Improved Performance

As presented in Table 2, the proposed method con-
sistently reports better scores. Figure 6 (left) pro-
vides a detailed look at the performance. While
most of the final answers derived by both our
method and the rule-based methods are the same,
our framework achieves a much higher correction
rate. This demonstrates that ANSWER REGENERA-
TION is successful at correcting incorrect answers
extracted by rule-based approach.

To compute the correction rate, we select 300
instances from the outputs of Qwen3-32B, Qwen3-
8B, gpt-0ss-20b, Phi4-reason+, and R1-Llama-8B
where the extraction and regeneration results dis-
agreed. We then manually label the correct "gold"
answers in terms of answer extraction from the
thoughts. As shown in Figure 6 (right), the agree-
ment rate of ANSWER REGENERATION with the human
label is far superior to that of the conventional an-
swer extraction methods. While xFinder is a fine-
tuned model, it shows comparable performance to
rule-based answering. We provide a detailed com-
parison with our approach in the Appendix A.6.

5.2.2 Correlation with Model Size

An interesting effect of our framework is the change
in the performance ranking of Qwen3 models. The
previous ranking derived from rule-based answer-
ing, which was Qwen3-14B, Qwen3-32B, Qwen3-
8B, shifted to 32B > 14B > 8B under our frame-
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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
intuition and general knowledge that larger models
typically outperform smaller ones within the same
family. This suggests that the initial, counterin-
tuitive ranking is likely an artifact of the answer
extraction methods, not a true reflection of the mod-
els’ underlying capabilities.

5.2.3 Enhanced Robustness to Responses

The nature of our proposed ANSWER REGENERATION
framework inherently addresses the issue of answer
inconsistency mentioned in Section 4.2.2. Since
it prompts the model to generate a final, definitive
answer, it bypasses the unpredictable results associ-
ated with various rule-based extraction algorithms.

Additionally, our method improves robustness
by handling internal self-correction within model
outputs. When facing ambiguous questions, a
model may initially provide an answer and then
continue its thinking process, generating alternative
solutions or re-evaluating its answer. Rule-based
answer extraction methods struggle to choose the
final answer from this internal debate.

A further key advantage is its ability to handle
"NOT correct" questions. Since many extraction al-
gorithms are designed to find the "correct" answer,
they fail when the question requires identifying in-
correct one. The algorithm may mistakenly extract
a correct option during the model’s rumination.



Q3-32B Q3-14B Q3-8B gpt20b Phi4+ R1-L1 R1-Q3

Q3-32B Q3-14B Q3-8B gpt20b Phi4+ R1-L1R1-Q3

strict 15.3 13.0 157 1.3 4.8 6.8 10.9
flexible 472 471 47.1 1.7 0.5 38.0 413
instructed 52.6 59.5 45.8 323 43.8 38.7 49.7
ans-is-corr 684 652 642 346 327 376 535
last-extr 668 634 620 646 433 422 453
built-in 721 694 64.6 432 230 433 583

AnsRegen 748 726 747 746 587 521 711
xFinder(q) 66.6 634 60.6 526 337 383 520
xFinder(1) 740 72.1 683 703 61.3 437 652

Reported®> 79.8 774 743 750 n/a 543 739
>Reproduced 63.0 592 573 245 10.7 423 407

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 Im-evaluation-harness.

Finally, our method significantly improves per-
formance in cases of incomplete thinking, as shown
in Figure 7. Instead of relying on rules to parse an
incomplete output, our framework can select the fi-
nal answer even when the thought does not include
an explicit final answer.

6 Studies on Additional Tasks

6.1 Complex Multiple-Choice Question
Answering

As an extension of our previous findings, we in-
vestigate our framework on MMLU-Pro (Wang
et al., 2024), a more complex benchmark with a
dynamic number of answer options. The result,
shown in Table 3, demonstrates that while the built-
in extraction algorithm from Im-evaluation-harness
performs better than algorithms optimized only
for MMLU, ANswWER REGENERATION—nOt specifi-
cally tuned for any benchmark—still achieves su-
perior performance. Furthermore, the scores are
also closer to the publicly reported performance?,
despite the reported scores benefiting from more
specific prompt engineering (e.g., detailed task de-
scriptions for individual subtasks), as demonstrated
in our reproduced score using their extraction rules.

Fine-tuned models for answer extraction,
xFinder, fail to deliver significant performance
gains. Furthermore, the observed performance
variance across different models (i.e., qwen1505,
llama38it) suggests that the model selection sig-
nificantly impacts reasoning model’s performance.
Consequently, we argue that evaluating models
through our framework ensures a more robust and
impartial assessment of true capabilities, yielding
competitive results without requiring task-specific
optimization.
mrtificialanalysis.ai/evaluations/
mmlu-pro.

strict 33 2.7 1.7 0.6 1.5 0.0 0.1

flexible 333 335 193 920 765 692 85.1
instructed 93.5 922 886 488 656 548 85.8
ans-is-corr 89.6 87.6 91.9 63.8 59.7 63.1 834

AnsRegen 968 964 955 924 93.6 760 OlI.1
xFinder(q) 955 945 934 936 757 757 90.6
xFinder(1) 959 950 935 949 87 781 927

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

6.2 Short-Answer Math Problems

We explore the effectiveness of our framework in
math domain using GSM8K benchmark (Cobbe
etal., 2021), which features structured (as numbers)
but relatively open-ended question answering task.

As shown in Table 4, instructed-format , a
template specifically recommended for mathemat-
ical problems, and flexible-match performs well
among the various extraction methods. We also
modify answer-is-correct to better handle com-
mon mathematical formatting, such as numbers
and symbols like $, ",", and ".". Despite these
optimizations, ANSWER REGENERATION with minor
post-processing to remove LaTeX commands, such
as \boxed{ } or \text{ }, achieves high performance
comparable to those of a fine-tuned xFinder.

We also conduct a human evaluation of instances
where the methods’ results disagreed. ANSWER RE-
GENERATION reports 16.3% correct, while the answer
extraction method is correct in only 6.1% of the
cases. This underscores the superior reliability of
our framework even in complex, structured but
open-ended domains like mathematics.

6.3 Open-ended Question Answering

Evaluating generative models on open-ended
question-answering tasks presents two main chal-
lenges: (1) finding the answer within the model’s
output. (2) determining semantic equivalence be-
tween the generated answer and the gold answer.
To alleviate the second challenge, we use Trivi-
aQA (Joshi et al., 2017), known for its extensive
gold answer variations and aliases, minimizing the
need for complex semantic matching.

As illustrated in Table 5 (left), ANSWER REGEN-
ERATION consistently outperforms direct answer ex-
traction from reasoning outputs. To further validate
it, we compare it against two LLM-as-a-judge ap-
proaches (Zheng et al., 2023): GPTGrader (Wei
et al., 2024) and Equality Checker®. GPTGrader

Shttps://artificialanalysis.ai/methodology/
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Method

() Evaluator Q3-32BQ3-14BQ3-8B gpt20bPhi4+ R1-L1 R1-Q3

AnsReg(Qwen3-32B) Grader(Qwen3-32B) Grader(R1-Llama)

String ans-is-corr - 427 475 442 548 223 117 356 gx 10 B - %x 2
Match  AnsRegen 777% 716 617 623 686 582 608 = 3 =
& &
Quen3-32B 3.1 38 36 48 11 13 29 £o =0 £0 -
GPT gpt-oss-20b  47.0 534 467 508 181 183 392 7 o
Grader Phi-4-reason+48.6 553 481 47.6 113 184 405 o X o X
Rl-Llama-88B 69.2* 68.1 628 720 60.1 586 57.5 EqChkr(Qwen3-32B) xVenfy xFinder(Qwen3-32B)
Model Quen3-32B 73% 52 61 143 409 320 82
-based Equality gpt-oss-20b 46.6 489 46.8 40.1 312 363 464 s X a E
Checker Phi-4-reason+61.9 632 57.1 61.1 267 282 504 3 3 3
Ri-Llama-88 67.1 625 576 637 400 366 534 =0 =0 20 o0
xVerify xVerify-8B-1 21.6* 249 221 166 39 80 187
<Finder 97enises 13 14 12 02 06 07 11 o] X o X o X
1lama38it 15 14 12 14 00 00 09 Human

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. *

utilizes an additional inference call with extensive
prompts to categorize semantic similarity as "cor-
rect” (equivalent), "incorrect" (not equivalent), or
"invalid". Equality Checker employs a more com-
pact prompt strategy to provide a binary "correct"
or "incorrect" classification. We also evaluate x Ver-
ify (Chen et al., 2025), which uses a fine-tuned
model for equivalence assessment, and xFinder,
which supports a LLM-as-a-judge approach within
its implementation.

While model-based evaluations yield higher
scores in some cases (e.g., when judged by R1-
Llama-8B), they are undermined by inherent model
bias. Table 5 (right) presents human evaluation
of semantic equivalence, comparing the model
judgment against human judgments on 100 sam-
pled outputs. GPTGrader with Qwen3-32B con-
sistently predicts "incorrect” for correct answers,
while Equality Checker reveals a bias toward "cor-
rect." xVerify and xFinder default to incorrect and
R1-Llama-8B exhibits a bias toward "correct.” In
contrast, our string-match-based method avoids
these inherent model biases. Despite the known
limitations of string matching in capturing com-
plex semantic nuances, it provides a more reliable
performance metric; our method achieved 77.7%
accuracy, closely aligning with human evaluation
of 77% in Qwen3-32B.

7 Discussion and Conclusion

Our analysis highlights a critical, yet often over-
looked, challenge in evaluating reasoning models:
the profound impact of the answer extraction meth-
ods on performance scores. We have demonstrated
that the performances can fluctuate significantly
based on how the final answer is parsed from its
reasoning output. This finding suggests that dis-

intelligence-benchmarking#equality-checker-11lm

denotes the selected results for the detailed human evaluation.

crepancies between publicly reported scores and
reproduced results may stem from undocumented
variations not only in prompting, but in extraction
methods itself. To mitigate this, we introduced An-
SWER REGENERATION framework, offering significant
advantages over conventional rule-based extraction
without requiring specific tuning.

Our framework is most effective when the tar-
get answer space is highly constrained, such as
multiple-choice QA. In math domains, while an-
swers are generally numerical, the inclusion of sym-
bols ($), units (%), and varying decimal formats
introduces minor challenges for string-match-based
evaluation. Open-ended QA is the least constrained
task, allowing for a near-infinite range of output
formats. While ANsweR REGENERATION still offers
an improvement over heuristic methods, the inher-
ent difficulty of standardizing the "correct" answer
string in a free-form text context limits the magni-
tude of the measured robustness gain.

Beyond the quantitative improvements, we have
conducted human evaluations to ensure our frame-
work provides a more accurate reflection of a
model’s true capabilities. Our results also show
that the performance rankings for Qwen3 mod-
els aligned with the intuition that larger models
generally outperform smaller ones. Crucially, our
method avoids the biases of model-specialized an-
swer extraction rules or LLM-as-a-judge methods.
Furthermore, the framework proves more resilient
to common failure of rule-based approach, includ-
ing handling incomplete thinking, self-correction,
and questions asking for the "incorrect” choice, all
of which can confuse rule-based extraction.

In conclusion, through our findings from analy-
sis and the introduction of ANSWER REGENERATION
framework, we believe this work contributes to-
ward more reliable and faithful model evaluation
for all reasoning-powered LLMs.
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8 Limitations

Technical Novelty in ANSWER REGENERATION We
acknowledge that ANSWER REGENERATION frame-
work itself lacks technical novelty. However, we
contend that the value of our contribution lies in the
simplicity and the clarity of the results and analysis
it provides. Our work demonstrates the benefits
of using this framework as a robust and reliable
reference for evaluating and fairly comparing the
performance of reasoning models.

Experiments with Sophisticated Extraction
Rules Our experiments adopted established an-
swer extraction rules from Im-evaluation-harness
(strict-match, flexible-match). Building upon
these, we developed more complex, heuristic
rules (answer-is-correct, last-extract) and in-
cluded the recommended rule for Qwen3 fami-
lies (instructed-format). While we recognize that
more aggressively optimized, domain-specific rules
could exist, we maintain that such highly-specified
rules will still fail to handle the full spectrum of
answer variations.

Experiments with Diverse LLMs and Prompts
Our focus was on output-level results, which means
that the effect of different input prompts seem to
be overlooked. Furthermore, our investigation was
limited to publicly available open-source reason-
ing models. Although greater diversity in models
and prompts would enhance generalizability, we
believe that the widely-used models and default
prompts from established repositories provide suf-
ficiently general results for our findings. We defer
the investigation of commercial LLMs, such as
ChatGPT, Gemini, and Claude, to future work. As
a minor note, we observed that small variations in
the input prompts (e.g., changes of option labels
or the "Answer:" prefix) do not significantly affect
performance.

Inherent Weakness of ANSWER REGENERATION
As discussed in Section 5.1, ANSWER REGENERA-
TION carries inherent limitations. Nonetheless, we
believe that employing the simplest possible frame-
work was the most effective way to demonstrate the
core benefits of our approach. Exploring further
techniques within this framework, such as incorpo-
rating concepts like self-consistency (Wang et al.,
2022), represents a valuable direction for future
research.
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A Appendix

A.1 Evaluation Toolkits

MMLU Hendrycks (Hendrycks et al., 2021) and
follow-ups such as MMLU-Pro (Wang et al., 2024)
are deeply integrated into most of toolkits, but the
original implementation only supports probability
based answering for multiple choice question an-
swering. HELM (Holistic Evaluation of Language
Models; Liang et al. (2023)) simply use Quasi-
exact match that post-process the model genera-
tion, such as lower-casing, removing whitespace
and punctuation and articles. Also, OpenCom-
pass (OpenCompass Contributors, 2023) supports
both option-likelihood scoring and post-processing
option (but provided with blank) to be customized
for reasoning outputs, its metrics mainly rely on
model-based scoring. Similarly, lighteval (Habib
et al., 2023) has metrics for generated outputs, but
there is only a scoring function, not mentioning
about post-processing.

A.2 Regular Expressions used in the
Experiments

Note that () makes groups in regular expression and
\\is required both for meta characters and escape
sequence in Im-evaluation-harness.

e strict-match: ((?<=The answer is
)(*)(?7=)|(?7<=answer is )(.*)(?=.)|(?<=The
answer: )(.*)(?=.)|(?<=The final answer:
)(F)(?=.))
flexible-extract: (\\([A-D]\\)
instructed-format:[Aalnswer\"?:\\s*
\"2\?([A-DD\"N" A\ (2([A-D]\"
answer-is-correct:

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

DNV [Aa]nswer\\**:\\s*(\\(?[A-
DI\)?)I[Aa]nswer is WA(?[A-
DNYDW**|[Aa]nswer should be \\¥**(\\(?[A-
DNI?)\W**|[Aalnswer:\\s+\\**(\(?[A-
DNYD\W**|correct answer is \\¥**(\\(?[A-
DNVD\\**|correct  answer:\\s+\\**(\\(?[A-
DI\ A\(?[A-DIN))\** is correct]
*O\?[A-DIN)D\** s the correct|\\**(\\(?[A-
DNDD\W\** is  the answer[\\**(\\(?[A-
DI\)?)\\** should be the answer
last-extract: [*a-zA-Z0-9]([A-D])[ a-zA-
70-9]

A.3 Distribution of Extracted Final Answers

Distribution of extracted final answers across differ-
ent extraction algorithms. The y-axis represents the
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answer extraction method, and the x-axis shows the
extracted final answer, with "N/A" denoting cases
where no answer could be extracted.

Qwen3-14B

R1-Qwen3-8B

23.4 198

214 283

199 241 246

A.4 More Answer Inconsistency Example

Another example from Qwen3-32B output illus-
trating how the final answer can vary significantly
depending on the extraction method used. The
graphical boxes and bold text highlight the specific
text extracted by each algorithm.

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) 0.005C (B)0.01 C(C)0.02C (D)0.5C
<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 l last-extract: C ‘**

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

A.5 Quantitative Measurement of the

Inference Overhead

The overhead of ANswWER REGENERATION is mea-
sured by the number of tokens generated during the
additional inference step. For MMLU and MMLU-
pro, ANSWER REGENERATION typically requires only
a few tokens as the generated output is constrained
to the choice letters (e.g., A, B, C, D). Table 6



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 17.5 119 16.9 14.3 149 23.7 30.7

Table 6: Quantitative measurement of the inference overhead in GSMS8K and TriviaQA.

presents the average number of output tokens con-
sumed by both the initial thinking process and the
subsequent ANSWER REGENERATION step for various
models:

The quantitative results demonstrate that the
number of tokens required for ANSWER REGENERA-
TION is negligible when compared to the vast num-
ber of tokens generated in the initial reasoning
("Thinking") phase. Therefore, the inference over-
head introduced by our method is practically in-
significant while providing substantial robustness
gains.

A.6 MMLU Results: xFinder vs. Answer
Regeneration

We analyzed all Qwen3-32B outputs where the
extractions from xFinder and ANSWER REGENERA-
TioN diverged. Our manual labeling reveals that, in
49.3% of these cases, the model either generated
multiple conflicting answers or failed to provide
a valid response. xFinder outperforms ANSWER
REGENERATION With a winning ratio of 28.5% com-
pared to 22.2%. Given that xFinder is a specialized,
fine-tuned model while the regenerator used for
Qwen3-32B is a larger general-purpose model, this
performance gap suggests that the marginal gains.

Our analysis highlights that xFinder is precise
in simple outputs and ANSWER REGENERATION is ro-
bust in complex outputs; xFinder’s results aligned
with rule-based extraction in 98.4% of cases This
high correlation indicates that xFinder is highly ef-
fective at identifying and extracting answers from
simple, straightforward outputs. On the other hand,
ANsWER REGENERATION matched rule-based extrac-
tion in only 88.2% of cases. Detailed qualitative
analysis suggests that this method excels when deal-
ing with complex or verbose outputs—specifically
those involving self-correction, rumination, choos-
ing the best answer among multiple answers where
standard extraction rules often fail.
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