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Abstract

Large Reasoning Models (LRMs) have
achieved remarkable performance in mathe-
matical reasoning tasks, but they still strug-
gle with hard samples. Existing test-time scal-
ing methods, such as repeated sampling, self-
correction, and tree search, can improve per-
formance but are computationally inefficient
and quickly plateau on challenging problems.
Rewriting techniques, which reformulate prob-
lem expressions to enhance model understand-
ing, have demonstrated effectiveness on chal-
lenging samples. However, they are often un-
necessary or even harmful for easier samples.
In this work, we propose a training-free frame-
work that adaptively applies majority voting
and rewriting based on model disagreement.
The experiments conducted on seven mathe-
matical benchmark datasets and three models
show that our method improves accuracy on
mathematical reasoning tasks by 3%-7%, while
requiring fewer samples than existing methods.

1 Introduction

Large Reasoning Models (LRMs) have achieved
remarkable results in mathematical reasoning tasks
such as Olympiad (Yang et al., 2024b; Shao et al.,
2024; DeepSeek-Al et al., 2024), but they still
have shortcomings with truly difficult problems.
A promising direction to close this gap is test-time
scaling, an approach that trades more computation
at inference for better answers. Key examples of
this approach include repeated sampling (Wang
et al., 2022; Li et al., 2024a; Lin et al., 2024; Gui
et al., 2024), self-correction (Shinn et al., 2023;
Chen et al., 2023; Li et al., 2024b; Kumar et al.,
2024), and tree search (Yao et al., 2023; Zhang
et al., 2024a; Bi et al., 2024; Gao et al., 2024).
These techniques are certainly effective, but they
hit a hard limit. As Xue et al. (2023) discovers,
simply scaling up sampling or search is compu-
tationally inefficient, especially in difficult tasks
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Figure 1: The effect of rewriting and majority voting
(6 samplings) for Qwen3-8B on samples of different
difficulty levels, where easy samples are those the model
answers correctly on the first attempt, and hard samples
are those it answers incorrectly on the first attempt.

where performance improvements quickly plateau.
This reveals a fundamental inefficiency in current
scaling strategies.

Therefore, we need a method that can improve
the accuracy of the model in these difficult sam-
ples. Rewriting is an effective method of improving
model performance without retraining, based on
the principle that the model is highly sensitive to
the way the problem is expressed. Research has
proven its effectiveness on difficult samples. Zhou
et al. (2024) uses a voting mechanism for rewriting
to improve the robustness of the model. Zhang et al.
(2025) rewrites the problem before generating code.
Lai et al. (2025) goes further, forcing consistency
in prompt, expression, and language.

However, rewriting inevitably introduces draw-
backs. For example, changing the meaning of the
original sample or giving incorrect conditions. As
shown in the Figure 1, for easy samples, rewriting
offers little help and may even be counterproduc-
tive, but it significantly improves the performance
of hard samples. This reveals an interesting trade-
off: majority voting works well for easy problems,
but rewriting is key to solving difficult problems. In
addition, we also find that in majority voting, sam-
ples that exhibit severe disagreement and produce



multiple different answers with a flat answer distri-
bution are almost always answered incorrectly.
Based on this finding, we design a framework
that requires no training, fine-tuning or external
model assistance. This framework consists of three
stages. The first stage (Disagreement Filter) fil-
ters out no disagreement samples through a self-
consistency comparison. These samples do not re-
quire multiple rounds of sampling voting or rewrit-
ing to determine the answer, effectively reducing
the total number of samples. The second stage
(Vote Resolve) filters out minor disagreement sam-
ples through another round of self-consistency com-
parison and determines the final answer through
multiple rounds of sampling and voting. The final
stage (Rewrite & Rethink) rewrites and recon-
siders the remaining severe disagreement samples
to determine the final answer. This framework re-
duces resource consumption by filtering out sam-
ples that do not require additional sampling in the
first stage, while the latter two stages focus on spe-
cific samples and apply appropriate methods to
them, ensuring a better solution to the problem.
We conduct experiments on seven mathemati-
cal benchmarks and three large reasoning models.
The experimental results show that our method im-
proves the model’s accuracy in mathematical rea-
soning by about 3% to 7%, achieving significant
progress, especially on benchmark tests where the
original model performed poorly. Furthermore, our
method uses only about 50% of the total sample
size compared to other methods. We also conduct
experiments to demonstrate that our method can
generalize to code generation tasks. Finally, we an-
alyze the rationale and advantages of each module
design, as well as the applicability of the rewrite.

2 Related Work

2.1 Test-Time Scaling For Math Reasoning

Test-Time Scaling is a method that involves per-
forming more computation during the inference
phase to obtain better answers, and many studies
have shown that it is effective for mathematical
reasoning tasks. For example, by repeated sam-
pling (Wang et al., 2022; Li et al., 2024a; Lin et al.,
2024; Gui et al., 2024; Zhang et al., 2024b), which
typically generates multiple reasoning paths and se-
lects the final answer by majority voting across the
sampled outputs, across multiple results to select
one as the final answer. And utilize the model’s
self-correction (Gao et al., 2025; Shinn et al., 2023;

Chen et al., 2023; Li et al., 2024b; Kumar et al.,
2024), commonly implemented by prompting the
model to reflect on and iteratively revise its initial
reasoning, to modify those potentially incorrect an-
swers accordingly. Tree search methods (Yao et al.,
2023; Zhang et al., 2024a; Bi et al., 2024; Gao
et al., 2024) explicitly explore a structured space of
reasoning paths through branching and expansion,
organizing intermediate reasoning steps into a tree
structure. By systematically expanding, evaluating,
and pruning candidate reasoning branches to iden-
tify high-quality solution paths. Test-time scaling
has also been extended to incorporate reinforce-
ment learning (Setlur et al., 2025; Zuo et al., 2025).
These strategies aim to increase answer reliability
in practice by leveraging multiple model outputs or
iterative refinement mechanisms.

2.2 Rewriting

Rewriting is used in database systems to optimize
SQL queries and improve retrieval efficiency (Liu
and Mozafari, 2024). Shu et al. (2024) proposes
RewriteLM, which uses instruction tuning and rein-
forcement learning to train LLMs to rewrite, com-
bined with chain-of-thought prompting and reward
models for quality evaluation. Ma et al. (2023) in-
troduces a rewrite-retrieve-read framework, adding
a query rewriting step before retrieval to bridge the
semantic gap in retrieval-augmented LLMs. Li et al.
(2024c) develops LLM-R2, training a contrastive
model to distinguish semantically equivalent but
more effective query rewrites. Kong et al. (2024)
explores PRewrite, using reinforcement learning to
automatically optimize prompts. Chen et al. (2025)
proposes a question rewriter using Direct Prefer-
ence Optimization to generate model-friendly ques-
tion versions. There has also been research on
rewriting in mathematical reasoning tasks. Zhou
et al. (2024) has shown that the surface form of
math problems significantly affects model perfor-
mance, and it introduces SCoP, which rephrases
problem statements and applies self-consistency for
mathematical reasoning. Zhang et al. (2025) adopts
a rewrite-then-execute strategy to improve the ro-
bustness of mathematical reasoning models. Lai
et al. (2025) emphasizes multi-dimensional consis-
tency, enforcing alignment across prompts and lin-
guistic variants. These studies demonstrate diverse
directions of rewrite-based reasoning enhancement
methods, providing new ideas for improving the
consistency and generalization ability of LLMs in
mathematical reasoning.
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Figure 2: This figure illustrates the overall workflow of our method, where MDD, NDS, MDS, and SDS stand for
Minimal Disagreement Detector, No Disagreement Samples, Minor Disagreement Samples, and Severe Disagree-
ment Samples, respectively. The four model blocks in the figure all refer to the same model.

Algorithm 1 Minimal Disagreement Detector and Rewriting

Input: Sample S, model M, reasoning prompt
Preason, rewriting prompt Pewrite, Majority vot-
ing Maj

Output: global answer a*

I: a1, a2 < M(87 Preason)

2: if a1 = a9 then

3: return a* < a1

4: elseif a; # as then

5 as, ay < M (S, Preason)

6: if a3 = a4 then

7 return o* < Maj(ai,as,as,aq)
8 else if a3 # a4 then

9 Srewrite — M(S, Prewrite)

10: Qrewrite < M (Srewritea P reason)
11: return a* < Qrewrite

12: end if

13: end if

3 Methodology

Our method framework is shown in Figure 2, which
includes three stages (Disagreement Filter, Vote
Resolve, Rewrite & Rethink). We use two mini-
mal disagreement detectors to divide the samples
into three categories based on the degree of diver-
gence (No Disagreement Samples, Minor Disagree-
ment Samples, and Severe Disagreement Samples),
and use majority voting and rewriting strategies
to determine the answers for Minor Disagreement
Samples and Severe Disagreement Samples, respec-
tively, and update them in the global answer. In the
pseudocode of Algorithm 1, it demonstrates how
a sample can determine the answer through our
method. In Section 3.1, we describe the definition
of the minimum divergence detector and the classi-
fication of samples. In Section 3.2, we discuss how
the first two stages utilize the minimum divergence

detector to filter and partition samples, as well as
the selection of iteration times. In Section 3.3, it is
described how to determine the answer to Severe
Disagreement Samples through rewriting.

3.1 Sample Categorization via the Minimal
Disagreement Detector

We sample all samples n times and obtain a set of
answer sets containing m answers for each sample.
When the distribution of these m answers is sharp,
with answer A being the most frequent, the major-
ity voting can easily select A as the final answer, as
multiple samplings indicate a stronger consensus
of the model on answer A. However, if the distribu-
tion of m answers is flat, with no single dominant
answer, at least one incorrect answer exists, and
the reliability of the majority voting decreases, as
the model exhibits significant disagreement at this
point. Leveraging this disagreement, we design a
minimal disagreement detector (MDD) that gen-
erates results a; and ag from a sample S using
the minimal number of multiple samplings (two
samplings). If a1 # a9, the sample S is identified
as exhibiting minimal disagreement. As shown in
Figure 2, samples that reach agreement through the
MDD are not rewritten, and experiments in Figure 1
show that rewriting is less ineffective on correct
samples. To minimize unnecessary rewriting of cor-
rect samples, samples that reach agreement through
the MDD should have a high recall of correct sam-
ples. Table 6 shows that when more samples are
used to determine consistency, a larger portion of
actually correct samples is ignored, leading to a
lower recall rate of correct samples. Therefore, it
suffices to determine disagreement using only the
results from two samplings.

We conduct multiple detections on sample S
using the MDD. Based on the number of minimal
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final output like majority voting does.

disagreements d; observed for each sample S, we
categorize the samples into three types:

No Disagreement Samples (NDS): d; = 0. No
disagreement occurs. The current answer exhibits
high reliability, and no additional samplings are
required to confirm it.

Minor Disagreement Samples (MDS): d;, =
1. Exactly one instance of disagreement occurs.
The current answer is considered unreliable, and
additional samplings are needed to reduce noise
and obtain a more robust result.

Severe Disagreement Samples (SDS): d; > 2.
Two or more disagreements occur. The answer
distribution is flat, and it is difficult to determine
a reliable answer by simply increasing the number
of samplings. In such cases, rewriting is required
to determine the answer.

If the answers generated from two samplings are
inconsistent, we consider that the model shows dis-
agreement even with minimal sampling, making it
unreliable to directly determine the answer. At this
point, the sample is classified as either an MDS,
which requires additional sampling for resolution,
an SDS, for which increasing the number of sam-
plings is insufficient to resolve the disagreement.

3.2 Iterative Filtering Strategy

To efficiently allocate computational resources and
focus on the most uncertain samples, we adopt an
iterative filtering strategy. This strategy categorizes
samples into NDS, MDS, and SDS, and applies
rewriting only to SDS, for which majority voting is
insufficient to reliably determine the correct answer.
As shown in Figure 1, rewriting significantly im-
proves performance on incorrectly answered hard
samples. Since rewriting is used to determine the
final answers of SDS after iterative filtering, SDS

is required to retain a high recall of incorrect sam-
ples to ensure the effectiveness of rewriting. As
shown in Figure 4, as the number of iterations in-
creases, the recall of error samples decreases while
the required sampling count rises. Therefore, we
select two iterations for data filtering to balance
effectiveness and efficiency.

As shown in Figure 2, during the first iteration
(Disagreement Filter), the model performs two sam-
plings for all samples and selects one of the sam-
pling results to record in the global answer, which
stores the determined answer for each sample. Si-
multaneously, the two sampling results are checked
by the MDD. Samples with consistent answers are
categorized as NDS, and their answers in the global
answer remain unchanged. The remaining samples
proceed to the second iteration.

During the second iteration (Vote Resolve), the
model performs two samplings for each remaining
sample and continues to use the MDD to check
consistency. Samples showing agreement in this
round are categorized as MDS. For these MDS,
majority voting is applied to all available sampling
results (i.e., the two from the first iteration plus the
two from the second, making four in total) to deter-
mine the final answer, which is then updated in the
global answer. The remaining inconsistent samples
are categorized as SDS. These samples proceed to
the next stage (Rewrite & Rethink), where the final
answer is determined through rewriting. As shown
in Figure 3, when samples exhibit persistent dis-
agreement (i.e., multiple samplings fail to produce
a consistent answer, indicating a flat rather than
sharp answer distribution), our method uses MDD
to identify samples that cannot be resolved by ma-
jority voting, and determines their final answers
through rewriting and rethinking.



Model / Method Math500 GaokaoEn Olympiad GSMS8K AMC23 AIME25 AIME24 Avg
Qwen3-8B 84.4 77.7 46.4 95.7 65.0 23.3 36.7 61.3
Qwen3-8B (majority) 87.6 79.7 50.7 95.8 85.0 333 50.0 68.9
Qwen3-8B (SCoP) 88.2 79.5 52.6 954 82.5 33.3 40.0 67.4
Qwen3-8B (BoN) 85.8 75.6 49.0 95.1 65.0 333 40.0 63.4
Qwen3-8B (Ours) 92.8 82.9 61.9 95.8 87.5 43.3 66.7 75.8
Qwen3-4B 854 75.6 49.0 94.2 65.0 23.3 30.0 60.4
Qwen3-4B (majority) 88.6 79.5 53.2 95.5 82.5 26.7 50.0 68.0
Qwen3-4B (SCoP) 87.8 80.3 55.6 93.5 82.5 26.7 40.0 66.6
Qwen3-4B (BoN) 87.4 76.4 50.1 94.1 72.5 26.7 50.0 65.3
Qwen3-4B (Ours) 90.6 81.8 57.9 94.5 87.5 43.3 56.7 73.2
DS-Llama-8B 80.2 74.0 46.4 85.0 67.5 30.0 40.0 60.4
DS-Llama-8B (majority) 84.6 79.8 51.6 87.5 80.0 333 46.7 66.2
DS-Llama-8B (SCoP) 88.2 78.2 51.9 89.0 85.0 333 40.0 66.5
DS-Llama-8B (BoN) 79.0 68.8 45.3 78.8 75.0 30.0 433 60.1
DS-Llama-8B (Ours) 88.4 81.3 54.7 91.2 87.5 33.0 50.0 69.4

Table 1: This table presents the evaluation results of three models on seven mathematical benchmarks in the
8K-context setting. The models include Qwen3-8B, Qwen3-4B, and DS-Llama-8B (abbreviated from DeepSeek-
R1-Distill-Llama-8B). Each model is evaluated under different reasoning enhancement strategies: baseline, majority

voting, SCoP, BoN, and our proposed method.

3.3 Rewriting And Rethinking Mechanism

After the iterative filtering stage, the remaining
samples are marked as SDS, indicating that the gen-
erated answers exhibit a high degree of uncertainty.
For such samples, it is difficult to derive a reliable
answer through majority voting. We therefore em-
ploy rewriting to determine the final answer. This
method requires neither additional training nor the
introduction of external models. Instead of gener-
ating more reasoning paths, the model is prompted
to reformulate or reinterpret the surface form of the
problem and then reattempt to solve it.

We apply the rewriting prompt template shown
in Appendix C to each SDS sample for a single
rewrite, thereby generating a new set of samples
Srewrite. For each sample in Sy.¢yprite, We perform
a single sampling to produce an ansSwer Grewrites
which is recorded in the global answer. This pro-
cess, by reformulating the surface form of the ques-
tion, allows the model to rethink the same problem
from different expression, thereby attempting to
break away from previously erroneous reasoning
paths. With only minimal additional computation,
it can significantly improve the accuracy.

4 Experiments

4.1 Experimental Settings

We evaluate our approach on seven widely
used mathematical reasoning benchmarks, in-
cluding GSMS8K (Cobbe et al., 2021), Math500
(Hendrycks et al., 2021), Gaokao2023en (Zhang
et al., 2023), Olympiadbench (He et al., 2024),

AMC23, AIME24, and AIME?2S, using three base
models (Qwen3-4B (Team, 2025), Qwen3-8B,
and DeepSeek-R1-Distill-Llama-8B (DeepSeek-
Al 2025)). And we use the accuracy of the answers
as the evaluation metric.

To better understand the performance of our
method, we select three representative methods
for comparison: majority voting, Best of N with
outcome reward model (BoN), and SCoP (Zhou
et al., 2024). The first two methods are abbreviated
as Majority and BoN in the following sections for
convenience. All three methods perform six rounds
of sampling in total: The Majority method samples
six times per instance and selects the final answer
through simple voting. The BoN method also sam-
ples six times per instance, then uses the Skywork-
Reward-V2-Llama-3.1-8B-40M (Liu et al., 2025)
model as an outcome reward model to score each
answer and choose the one with the highest reward
as the final answer; SCoP, on the other hand, per-
forms one round of problem rewriting followed by
five rounds of sampling, and finally selects the final
answer through simple voting. Our experimental
settings use a temperature of 0.6, a top-p value
of 0.95, and a top-k value of 20. The model uses
different prompt templates for reasoning and rewrit-
ing, with all other hyperparameters kept the same.
We conduct experiments under two context lengths,
8K and 16K, and the results are presented in Ta-
ble 1 and Table 4. Our experiments are conducted
on the Qwen?2.5-Math! evaluation framework.

"https://github.com/QwenLM/Qwen2.5-Math
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Figure 5: This figure illustrates the proportion of to-
tal samples required by our method compared to other
methods in four mathematical benchmark tests. Each set
of bars represents a dataset, with each bar indicating the
relative proportion of total samples when our method is
applied to Qwen3-8B, Qwen3-4B, and DeepSeek-R1-
Distill-Llama-8B, respectively.

4.2 Main Results

The main experimental results are shown in Ta-
ble 1. Our method outperforms baselines on al-
most all benchmarks across three models, achiev-
ing the highest average accuracy. Through exper-
iments, we find that significant improvements are
achieved on all benchmarks except GSM8K, while
on GSMSK, the performance changes of Qwen3-
8B and Qwen3-4B are not as pronounced as those
of DeepSeek-R1-Distill-Llama-8B. This is because
Qwen3-4B and Qwen3-8B already achieve high
scores on GSM8K, with only about 5% of samples
answered incorrectly, indicating that GSM8K con-
tains only a small fraction of samples that cause
the model to disagree. As shown in Figure 5, for
Qwen3-4B and Qwen3-8B on the GSMS8K bench-

mark, the SDS after two rounds of iterative filtering
account for only 1.5% to 2% of the total samples,
making rewriting yield almost no improvement; in
contrast, for DeepSeek-R1-Distill-Llama-8B, SDS
constitute 16% of the total samples, suggesting that
the quantity of SDS influences the effectiveness of
rewriting to some extent.

In addition, we record the number of samplings
used in the experiments. We observe that, across
three models, our method requires significantly
fewer samplings than other methods while achiev-
ing comparable or even higher accuracy. We select
four benchmarks (Math500, Olympiad, AMC23,
and AIME24) for illustration and visualize the re-
sults in Figure 5. On Math500, Olympiad, and
AMC23, our method uses approximately 30% to
60% of the samplings required by other methods,
and even on the more challenging AIME24 bench-
mark, it uses only about 70% of the samplings. We
also show in Figure 7 the average output tokens
and wall-clock time for each sample.

4.3 Method Generalization Evaluation

To examine whether our method is limited to math-
ematical reasoning tasks, we further evaluate it
on code generation tasks using the same hyperpa-
rameters as in the mathematical reasoning experi-
ments. Specifically, we keep all sampling strategies
and context lengths identical to those used in the
math experiments to ensure a fair and consistent
comparison. We adopt EvalPlus® as the evalua-
tion framework and assess five models (Qwen3-
8B, Qwen3-4B, DeepSeek-R1-Distill-Llama-8B,
Qwen2.5-Coder-7B-Instruct (Yang et al., 2024a)

2ht’cps: //github.com/evalplus/evalplus


https://github.com/evalplus/evalplus

Model / Method HumanEval HumanEval+ MBPP MBPP+
Qwen3-8B 84.8 80.5 70.5 60.8
Qwen3-8B(Ours) 87.8 81.1 71.7 61.4
Qwen3-4B 80.5 75.0 69.0 60.9
Qwen3-4B(Ours) 81.7 75.0 69.8 61.1
DS-Llama-8B 44.5 37.8 31.7 26.7
DS-Llama-8B(Ours) 54.3 47.0 384 31.2
Qwen2.5-Coder-7B-Instruct 86.6 82.3 82.5 70.1
Qwen?2.5-Coder-7B-Instruct(Ours) 89.0 83.5 87.8 73.5
Llama-3.1-8B-Instruct 65.9 57.3 68.5 56.6
Llama-3.1-8B-Instruct(Ours) 67.2 58.5 69.0 57.7

Table 2: This table presents the evaluation results of our method on code generation tasks. We evaluate five models
(Qwen3-8B, Qwen3-4B, DeepSeek-R1-Distill-Llama-8B, Qwen2.5-Coder-7B-Instruct, and Llama-3.1-8B-Instruct)
on two datasets (HumanEval and MBPP) as well as their enhanced variants (HumanEval+ and MBPP+).

Method Math500 Olympiad AMC23 AIME24
Baseline 84.4 46.4 65.0 36.7
OnlyRewrite 90.4 59.0 85.0 56.7
OnlyMajority ~ 87.6 48.6 70.0 40.0
Full Method 92.8 61.9 87.5 66.7

Table 3: This table presents an ablation study of our
method on the Qwen3-8B model across multiple mathe-
matical benchmarks. The baseline row shows the per-
formance of the original model without any enhance-
ment. The OnlyRewrite variant applies only the se-
lective rewriting mechanism, while the OnlyMajority
variant applies only majority voting.

and Llama-3.1-8B-Instruct), on two code genera-
tion benchmarks (HumanEval (Chen et al., 2021)
and MBPP (Austin et al., 2021)), as well as their
enhanced variants (HumanEval+ and MBPP+).

In contrast to mathematical reasoning tasks, for
code generation tasks we do not directly use an-
swer equality as the criterion for disagreement;
instead, we assess disagreement based on func-
tional and logical equivalence of the generated pro-
grams. This approach accounts for the fact that
two programs can produce the same correct results
even if their implementations differ syntactically.
Specifically, we evaluate consistency by executing
both programs on the same set of test cases. If the
outputs of the two programs match exactly across
all test cases, we consider them functionally and
logically equivalent. The experimental results are
presented in Table 2.

5 Analysis and Discussion

5.1 Ablation Study

To verify the contribution of each component in our
framework, we conducted an ablation study on the

Qwen3-8B. We sequentially present the experimen-
tal results of four settings: the model without any
component (Baseline), the version with only the
rewriting component (OnlyRewrite), the version
with only the majority voting component (Only-
Majority), and the complete framework with all
components integrated (Full Method).

As shown in Table 3, when applying only
the rewriting mechanism OnlyRewrite, the model
shows a significant improvement over the baseline,
especially on more challenging benchmarks such as
Olympiad and AIME24. This indicates that rewrit-
ing is more effective on difficult problems that tend
to cause disagreement. The OnlyMajority also im-
proves over the baseline, but the improvement is
less pronounced than that of OnlyRewrite, likely
because majority voting struggles to effectively re-
solve highly ambiguous or difficult samples with se-
vere disagreement, whereas rewriting demonstrates
stronger efficacy on such samples. In contrast, for
easier problems, majority voting can often achieve
high accuracy without rewriting, highlighting the
task-dependent nature of each component. When
combining both the rewriting and majority voting
mechanisms, the method achieves the best perfor-
mance, highlighting the synergy between the two
components: the rewriting module improves accu-
racy on challenging tasks, while the majority voting
mechanism filters out noise generated from ambigu-
ous samples. Together, they enable the framework
to achieve comprehensive improvements in both
accuracy and reasoning stability.

5.2 Analysis of Rewriting Applicability

We categorize the change in correctness before and
after rewriting into three cases: Effective Rewriting



(the rewrite turns an incorrect answer into a correct
one), Ineffective Rewriting (the rewrite leaves an
incorrect answer unchanged), and Harmful Rewrit-
ing (the rewrite turns an originally correct answer
into an incorrect one). In addition, we provide
representative cases in Appendix D.

Effective Rewriting We observe that most sam-
ples that can be successfully corrected through
rewriting are not originally wrong due to insuf-
ficient computational ability, but rather because the
problems contain implicit conditions or structural
information (hidden info error). These hidden
elements often cause the model to oscillate during
the reasoning process: it struggles to quickly and
accurately identify the underlying mathematical
relationships and fails to stabilize on a correct solu-
tion path. In some cases, the model even constructs
an incorrect equation early in the reasoning process
due to overlooking implicit constraints.

The rewriting mechanism makes such hidden
information explicit, restructures the problem state-
ment, or directly provides a solution strategy. This
substantially reduces the analytical burden required
for reasoning, allowing the model to enter the
computation phase without lengthy deliberation.
The improvement is particularly significant on
OlympiadBench, where many problems require
long token sequences for structural parsing. Rewrit-
ing effectively compresses this reasoning chain,
leading to notable gains in accuracy.

Ineffective Rewriting In another class of cases,
rewriting offers no improvement. The errors in
these situations primarily stem from: answer for-
mats that do not conform to the required specifica-
tions (answer format error); the loss of context
or intermediate variables in long reasoning chains
(context loss error); and arithmetic errors in the
calculation steps, such as incorrect orders of mag-
nitude in astrophysics or microscopic atomic cal-
culations (calculation error). These errors do not
originate from implicit information in the problem
statement. Therefore, even if rewriting provides a
clearer version of the problem, the model is still
likely to repeat the same formatting or arithmetic
errors during its entire reasoning process.

Harmful Rewriting In our experiments, we find
that rewriting is not always effective and can even
cause originally correct answers to become incor-
rect. We identify an important reason for this: the
original question is already simple, but the rewrit-

35 34.0 1 SCoP
31.0 Ours

Ratio (%)

9.0
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Figure 6: This figure shows, using Qwen3-8B on
Math500, Gaokao En and Olympiad, a comparison of
the proportions of effective and harmful rewrites be-
tween SCoP and our method.

ten version compresses the text excessively, remov-
ing or obscuring key conditions, which leads the
model to reason incorrectly (over-compression er-
ror). Therefore, avoiding rewriting short and clear
questions reduces the negative impact of rewriting.

We also compute, for both SCoP and our method,
the proportions of rewritten samples for which
rewriting is effective or harmful, as shown in Fig-
ure 6. Compared to SCoP, our method achieves a
higher proportion of effective rewrites while reduc-
ing the proportion of harmful ones.

6 Conclusion

This work proposes a training-free framework that
leverages the degree of disagreement to classify
samples into three categories. It then uses major-
ity voting and rewriting in a targeted manner to
determine the answers for different types of sam-
ples, aiming to improve the mathematical reason-
ing performance of LRMs. The framework enables
computational resources to focus more on unsta-
ble samples while avoiding, to some extent, the
negative effects of rewriting. We conduct exper-
iments using three models on seven mathemati-
cal reasoning benchmarks. The results show that
our method significantly improves the accuracy of
mathematical reasoning tasks while using fewer
samplings than other methods. Additionally, the
method can be extended to code generation tasks
beyond mathematical reasoning. We also further
analyze the cases where rewriting is effective, in-
effective, and harmful. In future work, we plan
to enhance the rewriting mechanism and explore a
more fine-grained boundary between rewriting and
majority voting, with the goal of further improving
overall performance. Overall, this research pro-
vides a simple and effective direction for improving
the performance of LRMs at inference time.



Limitations

This work leaves room for further exploration in
certain aspects.

» Rewriting is effective on incorrect samples,
but some problems remain unresolved, and we
do not explore whether improving the strategy
could further address them.

* Due to computational constraints, we do not
evaluate larger-scale models, and experiments
are limited to mathematical reasoning and
code generation tasks.

* We use the same model for both rewriting
and reasoning, but have not yet investigated
whether using different models collaboratively
could yield better results.
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A Experimental Results
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Figure 7: Average tokens and wall-clock time per sample for Qwen3-8B using four methods on three benchmarks.

Model / Method Math500 Gaokao En Olympiad GSMS8K AMC23 AIME25 AIME24 Avg
Qwen3-8B 91.6 82.9 60.7 94.9 90.0 46.7 66.7 76.2
Qwen3-8B (majority) 93.9 84.2 64.7 96.4 95.0 533 70.0 79.6
Qwen3-8B (SCoP) 92.4 84.5 65.6 95.2 95.0 533 63.3 78.5
Qwen3-8B (BoN) 93.4 83.6 64.6 95.7 90.0 533 63.3 77.7
Qwen3-8B (Ours) 95.2 86.0 67.3 96.1 95.0 66.7 80.0 83.8
Qwen3-4B 91.8 83.6 63.4 95.0 92.5 46.7 66.7 77.7
Qwen3-4B (majority) 95.2 84.9 66.5 95.0 95.0 60.0 70.0 81.0
Qwen3-4B (SCoP) 92.0 84.7 64.6 93.6 92.5 46.7 60.0 76.3
Qwen3-4B (BoN) 92.8 82.1 64.1 94.8 90.0 60.0 66.7 78.4
Qwen3-4B (Ours) 95.6 85.7 67.1 95.1 97.5 70.0 70.0 83.0
DS-Llama-8B 82.4 73.8 54.1 85.0 87.5 333 40.0 65.2
DS-Llama-8B (majority) 88.8 80.8 58.1 89.0 87.5 40.0 56.7 71.6
DS-Llama-8B (SCoP) 88.4 78.2 553 89.3 87.5 333 433 67.9
DS-Llama-8B (BoN) 77.2 69.4 47.1 80.5 75.0 36.7 50.0 62.3
DS-Llama-8B (Ours) 91.0 81.2 58.5 90.8 92.5 43.3 60.0 73.9

Table 4: This table presents the evaluation of three models on seven mathematical benchmarks with a 16K-context.

Model / Samples Math500 Gaokao En Olympiad GSMS8K  AMC23 AIME25 AIME24
Qwen3-8B (NDS) 332 242 373 1287 26 8 12
Qwen3-8B (MDS) 50 39 59 12 4 4 2
Qwen3-8B (SDS) 118 104 243 20 10 18 16
Qwen3-4B (NDS) 437 313 373 1267 27 8 13
Qwen3-4B (MDS) 19 27 49 28 1 2 2
Qwen3-4B (SDS) 44 45 253 24 12 20 15
DS-Llama-8B (NDS) 316 209 291 918 28 6 8
DS-Llama-8B (MDS) 61 66 91 188 4 0 5
DS-Llama-8B (SDS) 123 110 293 213 8 24 17

Table 5: Sample sizes of NDS, MDS, and SDS for three models on seven benchmarks with an 8K-context.

Consistency Threshold (n) Math500 Gaokao En Olympiad GSMSK
n=2 94.5 96.2 87.5 99.0
n=3 91.4 94.9 83.2 97.2
n=4 89.1 89.6 77.9 97.1
n=5 84.5 87.2 72.4 96.9
n=6 82.7 85.6 69.5 96.1

Table 6: Recall of correct samples under different consistency levels (n) across multiple generations. Higher n means
stricter consistency, requiring at least n generated answers to agree. As n increases, recall decreases, indicating
stricter constraints filter out some correct but non-deterministic cases.
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B Theoretical Analysis

To better understand how consistency judgments
reflect the sharpness or flatness of the answer dis-
tribution, we conduct a theoretical analysis.

We denote the probability of the most frequent
answer in multiple model samplings as P, and
the total probability of all other non-most-frequent
answers as 1 — P. In two samplings:

* The probability of obtaining the same most
frequent answer twice is P?.

* The probability of obtaining the same non-
most-frequent answer twice is < Zz ql-2 <
(1 — P)?, where ¢; is the probability of each
non-most-frequent answer.

* The probability of obtaining inconsistent an-
swers is

1—(P°+) ¢) >2P(1-P)

When the answer distribution is sharp, the proba-
bility P of the most frequent answer approaches 1,
and 1 — P approaches 0. In this case, P? is large
and (1 — P)? is small, so obtaining a consistent
answer is more likely to correspond to the most
frequent answer. Meanwhile, the probability of
inconsistent answers 2P(1 — P) also decreases,
since 1 — P is small and the chance of observing
non-most-frequent answers is low.

When the answer distribution is flat, P is close to
the average probability % (with n > 2 candidate
answers). Then the probability of consistency is
approximately >, p? ~ n - (1)? = L, while the
probability of inconsistency is 1 — % @,
which is greater than the consistency probability.
Therefore, in a flat distribution, the probability of
obtaining inconsistent answers in two samplings is
higher than that of obtaining consistent answers.
In summary, whether two samplings yield consis-
tent answers reflects the sharpness of the answer
distribution: consistent answers are more likely
to be the most frequent answer, whereas inconsis-
tent answers are more likely to correspond to flat
distributions.
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C Prompt Templates

Prompt Templates

Mathematical Reasoning Prompt:
Please reason step by step, and put your
final answer within boxed{}.

Rewriting Prompt for Mathematical
Problems:

Please remove unnecessary descriptions
from the following question, simplify its
length while keeping the original meaning
unchanged, and retain important numbers
and symbols. Only provide the revised ques-
tion without answers or calculations.

Code Generation Prompt:

Please provide a self-contained Python
script that solves the following problem in
a markdown code block:

{input}

Below is a Python script with a self-
contained function that solves the problem
and passes corresponding tests:

Rewriting Prompt for Coding Problems:
Rewrite the following programming prob-
lem in your own words. Keep the meaning,
constraints, and examples exactly the same,
but rephrase the description naturally. Do
NOT provide any solution or any code be-
sides the rewritten problem text.

{input}

Here is the rewritten problem:




D Case Study

Case

Original

Rewritten

hidden info error

Question: Determine the smallest positive real
number k with the following property. Let
ABCD be a convex quadrilateral, and let points
A1, B1,Ch and D, lie on sides AB, BC,CD
and DA, respectively. Consider the areas of tri-
angles AA1 D1 s BBlAl7 C’C’l Bl, and DD1 Cl 5
let S be the sum of the two smallest ones, and let
S1 be the area of quadrilateral A1 B1C1D1. Then
we always have kS > S.

Answer: 1

Output: - - - By choosing points A, Bi, Cy and
D, arbitrarily close to the vertices of the quadri-
lateral, the area S of A1 B1C1 D1 can be made

arbitrarily small - - - Final Answer

Question: Let ABCD be a convex quadrilat-
eral. Choose points A; € AB, By € BC,C1 €
CD,Dy € DA strictly inside each side so
that A1 B1C1D; is convex and lies entirely in-
sidle ABCD. Define Ty = [AA1D4], T =
[BBlAl}, T3 = [00131], T4 = [Dchl]
and let S be the sum of the two smallest of these
areas. Let S1 = [A1B1C1D;]. Find the smallest
k > 0 such that £ S; > S holds for all configura-
tions.

Answer: 1

Output: Let ABCD be convex, and points
Aq,B1,C1,D1 chosen cyclically. Then
Ay B1C1 Dy is always convex inside ABCD - - -

Final Answer

answer format error

Question: Givensets M = {z|x+2 > 0}, N =
{z|z —1 <0}, find M N N.

Answer: {z| -2 <z <1}

Output: To find the --- this is: [—2,1) Final

Answer | [—2,1)

Question: M = {z|z +2 > 0}, N = {z|z —
1< 0}, find M NN.

Answer: {z| -2 <z <1}

Output: To find the - - - but not including, Final

Answer] [—2,1)

context loss error

Question: Let A be the sum of the digits of the
number you will receive from position 7, and let
B be the sum of the digits of the number you
will receive from position 9. Let (z, y) be a point
randomly selected from the interior of the triangle
whose consecutive vertices are (1,1), (B, 7) and
(17,1). Compute the probability that x > A — 1.

Answer: 13-
Output: Let the triangle - - - For a fixed vy, let
Tmin = 1 --- Since x ranges from 1 to 17, we

17-(A-1)

compute P(z > A—1) = s

Question: Compute the probability that z > A —
1 where A is the sum of the digits of the number
from position 7 and B is the sum of the digits of
the number from position 9, with (z, y) selected
randomly from the interior of the triangle with
vertices (1,1), (B, 7) and (17,1).

Answer: %

Output: Let (x,y) be uniformly - - - The area of
the triangle is S = (17— 1)(7—1) =48 - -~

we compute P(x > A —1) = %’271)

calculation error

Question: Determine the minimum potential in
V (to 2 decimal places) that must be applied to an
a-particle so that on interaction with a hydrogen
atom, a ground state electron will be excited to n
= 6.

Answer: 6.62

QOutput: - - - Sixth energy level (n = 6): Eg =
— % ~ —0.3778eV. Energy difference re-
quired to excite the electron AE = Fg — F1 =
—0.3778 — (—13.6) = 13.2222¢V - -- Solving
for V: V' = 13.22/2 = 6.61V. Final Answer

Question: Determine the minimum electric po-
tential (rounded to 2 decimal places) that must
be applied to an a-particle (charge +2e) so that,
when it interacts with a hydrogen atom, it trans-
fers enough energy to excite the hydrogen atom’s
electron from the ground state (n = 1) to the
sixth energy level (n = 6).

Answer: 6.62

Qutput: - - - Determine the Energy Required for
Excitation. The energy levels of a hydrogen atom
are given by the formula: E, = —3 eV For
the ground state n = 1: Fh = —13.6eV ---
Solving for V: V = 182222 — 66111V. .-

Final Answer

OVeI'-COIIlpI'CSSiOl’l €rror

Question: 50 people sign up for a football club,
60 people sign up for a table tennis club, and
70 people sign up for either the football or the
table tennis club. There are no other clubs and
everyone signs up for at least one of the clubs. If
someone signs up for the football club, what is
the probability that the same person signs up for
the table tennis club?

Answer: 0.8

Output: To solve this problem, we are given the
following information: 50 people signed up for
the football club. 60 people signed up for the
table tennis club. 70 people signed up for either
the football or the table tennis club. --- Final
Answer

Question: If someone signs up for the football
club, what is the probability they also signed up
for the table tennis club?

Answer: 0.8

Output: To determine the probability that some-
one who signed up for the football club also
signed up for the table tennis club, we are dealing
with a conditional probability problem. - - - How-
ever, no specific data or probabilities are provided
in the question. Without knowing - - - Hypothet-
ical Scenario If we assume a common textbook-
type scenario, for example: Total of 100 people,
60 signed up for football, 20 signed up for both
football and table tennis - - - the probability would

1
be: | =
“13
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Case 1 (Original)

Original Question:
Suppose the polynomial
f(z) = apz" + ap_12" 1 + -+ arz + ag
has integer coefficients and distinct integer roots. Given a,, = 2 and ag = 66, find the least
possible value of |a,_1|.

Model Output:
To solve the problem, we are given a polynomial of the form:
f(z) = apz™ + ap_ 12"+ -+ ag
with integer coefficients, distinct integer roots, and the following constraints:a,, = 2 ag = 66 We
are to find the least possible value of |a,,—1| Step 1: Use Vieta’s Formulas. The polynomial can be
written in factored form as:
fle) =2(x —r)(z—r2)-(z—rn)

where 71,79, . .., 1y, are distinct integers (the roots), and a,, = 2. The constant term ag is given by:

ap=2-(=1)"-rirg---mp
We are told ag = 66, so: 2-(—1)"-(r1---ry,) =66 = (—=1)"-(ry - - - r,) = 33 Thus, the product
of the roots (with sign) is:

rire 1Ty = £33

Step 2: Express a,,—1 in Terms of Roots. From Vieta’s formulas, the coefficient a,,—; is given by:

ap—1 = —2 - (sum of roots)
So:

|ap—1| = 2 - |[sum of roots|
Our goal is to minimize this value, which reduces to finding a set of distinct integers whose product
is £33, and whose sum has the smallest absolute value. Step 3: Try Different Degrees n. Let’s
consider different possible values of n, and for each, find the smallest possible absolute value of
the sum of distinct integer roots with product +33. Case n = 4: We want four distinct integers
whose product is 33 (since n = 4 is even, the product is positive). Let’stry: r;1 = 1,79 = —1,7r3 =
3,74 = —11 Check product:

1-(=1)-3-(—-11)=33

Sum:

1+ (-1)+3+(-11)=-8=l|ap—1]| =2-8=16
This is a candidate for the minimum. Try other combinations: vy = —1,r, = 1,73 = =3, 74 = 11;
product = 33, sum = —1 + 1 — 3 4+ 11 = 8, same result. Thus, minimum |a,_;| = 16 for n = 4.

Check for smaller |a,,—1|: Try other values of n:
e n = 2:roots (3,11), sum = 14 = |a,_1| = 28
* n=23:roots (—3,1,11), sum =9 = |a,_1| = 18
* n = 1:root —33 = |ap_1| = 66
* n = 5: no valid set of 5 distinct integers with product —33
* n = 6: no valid set of 6 distinct integers with product 33

So, the minimal value occurs at n = 4 with |a,,—1| = 16. Final Answer
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Case 1 (Rewritten)

Rewritten Question:
Suppose the polynomial
f(z) =22" + ap_ 12" '+ +ag
has distinct integer roots and ag = 66. What is the least possible value of |a,,_1|?

Model Output:
To determine the least possible value of |a,,_1| for a polynomial with integer coefficients, distinct
integer roots, leading coefficient a,, = 2, and constant term ag = 66, we proceed as follows: Step
1: Polynomial Structure. The polynomial is of the form:

J(@) =2 —ri)(@—ra) - (@ = ra)
where r1, 79, ..., 7, are distinct integers. The leading coefficient is 2, and the constant term ag is
given as 66. Step 2: Constant Term and Product of Roots. Using the expansion of the polynomial,
the constant term is:

apg=2-(=1)"-rire---my

Given ag = 66, we solve:
66 33
2. (71)” . (rlrz .o .',"n) — 66 = Ty Ty = 3. (_1)n = (_1)n
Thus, the product of the roots is =33, and the roots must be distinct integers. Step 3: Coefficient
an—1 and Its Absolute Value. Using Vieta’s formula, the coefficient a,,—1 is related to the sum of

the roots:

pn-1=—-2-(r1+ro+--+mry)
So, the absolute value is:
lan—1| =2-|ri +ro 4 41y
To minimize |a,—1|, we must minimize the absolute value of the sum of the roots, subject to the
constraint that the product of the roots is 33, and the roots are distinct integers. Step 4: Searching
for Optimal Root Combinations. We need to find distinct integers whose product is £33 and whose
sum has the smallest absolute value. The integer divisors of 33 are:
+1,+3,£11,£33
We test combinations of three distinct integers(since more than three would require duplicate
factors or make the sum too large) that multiply to +33. Among the valid combinations, the one
that minimizes |rqy + 7o + 73| is: 71 = 1,79 = 3, r3 = —11 Product: 1-3 - (—11) = —33 Sum:
1+ 3 — 11 = —7 Absolute value of sum: 7 This yields:
lap—1]|=2-|—7] =14

Other combinations (e.g., —1, —3, 11) also yield the same minimal sum of 7 in absolute value.
Step 5: Verifying Optimality. Trying all other combinations of 2 or 4 distinct integers with product
£33 results in larger absolute sums. For example:

(3,—11): sum = —8, |an—1| = 16,

(1,—-1,3,-11): sum = —8, |ap_1| = 16,

(1,-1,-3,11): sum =38, |ap_1| = 16.
All of these are greater than 14. Hence, the minimum possible value of |a,,—1| is achieved with
the root set (1,3, —11) or (—1, —3,11), both giving a minimal sum of 7 in absolute value. Final

Answer
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Case 2 (Original)

Original Question:

Aninteger n > 3 is given. We call an n-tuple of real numbers (x1, 2, . . ., 2, ) Shiny if for each per-
mutation y1, yo, . . . , Y Of these numbers we have Z?:_ll YiVi+l = Y1Y2 +¥2us+ -+ Yn—1Yn =
—1. Find the largest constant K’ = K(n) such that } _; ., ,, #iz; > K holds for every Shiny

n-tuple (x1,z2,...,Ty).

Model Output:

To solve the problem, we are given an integer n > 3, and an n-tuple (x1,x2,--- ,x,) is called
Shiny if for every permutation (y1, 2, - - , yn) of the tuple, the sum

n—1
Z YiYi+1 > —1
i=1
holds. Our goal is to find the largest constant K (n) such that for every Shiny n-tuple, the sum of
all pairwise products
>, wi

1<i<j<n
is at least K (n). Step 1: Understanding the Objective. We are asked to find the minimum value of
the expression:
> @i

1<i<j<n
over all Shiny n-tuples. Then, the largest constant K (n) such that this sum is always at least K (n)
is precisely that minimum value. Step 2: Key Observations. We can express the sum of all pairwise
products as:

1 n 2 n
2
> e ((Tn) -
1<i<j<n =1 =1

However, this expression is not immediately helpful for our purpose. Instead, we focus on
constructing examples of Shiny n-tuples and computing the value of the pairwise sum. Step 3:

Constructing a Shiny n-tuple with Minimal Pairwise Sum. Let us consider the n-tuple:

1
(r1,22,...,2n) = (a,——,0,0,...,0)
a

Then, the pairwise sum becomes:
1
. . = . _—— = — 1
E T = a ( a>

1<i<j<n
Now, we must verify that this tuple is Shiny, i.e., that for every permutation of the tuple, the sum
of adjacent products is at least —1. In any permutation, the only non-zero product will be between
a and —%, which is —1. All other products will be between a and 0, or between —é and 0, or
between 0 and 0, all of which are 0. Therefore, the sum of adjacent products in any permutation is
either —1 (when the two non-zero elements are adjacent) or 0 (otherwise). Thus, the minimum
sum over all permutations is —1, which satisfies the Shiny condition. Step 4: Can We Do Better?
Suppose there exists a Shiny n-tuple with pairwise sum less than —1. Let’s assume that such a
tuple exists. Then, the minimum sum over all permutations of adjacent products would be less
than —1, which would violate the Shiny condition. Therefore, such a tuple cannot exist. This
implies that the minimal value of the pairwise sum over all Shiny n-tuples is exactly —1. Step 5:
Conclusion. We have constructed a Shiny n-tuple with pairwise sum —1, and we have shown that
it is not possible to construct a Shiny n-tuple with a pairwise sum less than —1. Therefore, the
largest constant K (n) such that the pairwise sum is always at least K (n) for all Shiny n-tuples is:
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Case 2 (Rewritten)

Rewritten Question:

An integer n > 3 is given. We call an n-tuple of real numbers (z1,x2,...,z,) Shiny if
for every permutation (yi1,%2,...,Yyn) of these numbers, the following inequality holds:
Y1y2 + yoys + - - - + Yn—1yn > —1. For every Shiny n-tuple, consider the sum of all pairwise
products S = 3 ; <, Tix;. Find the largest constant K (n) such that S > K (n) holds for all
Shiny n-tuples.

Model Output:

To determine the largest constant K (n) such that for every Shiny n-tuple, the sum of all products
of pairs x;x; for i < j is at least K'(n), we begin by understanding the key constraints imposed by
the Shiny condition. Understanding the Shiny Condition. A tuple (z1, 22, ..., ;) is Shiny if, for
any permutation of the tuple, the sum of adjacent products is at least —1. That is:

n—1

min E mimiv1 | > —1
permutationsw \ 4 7
1=

This condition ensures that no matter how we rearrange the elements, the sum of adjacent products
never drops below —1. Goal: Find the Largest Lower Bound K (n). We are to find the largest
constant K (n) such that for every Shiny n-tuple, the sum of all pairwise products is at least K (n),
that is:
Z xiz; > K(n)
1<i<j<n
We can relate this sum to the square of the sum of the elements:

" 2 n
(Z {I,‘L‘> = Z lLQ + 2 Z XTily
i=1 i=1 1<i<j<n
Rearranging gives:
_1 2 2>

TiTj = = x| — x;
1<Z]:<n e/ 2 ((Z Z) Z ?
This expression will be key in analyzing the behavior of the sum of pairwise products. Constructing
a Candidate Shiny Tuple. To find the minimum value of ) z;x; across all Shiny n-tuples, we
consider a specific configuration: Let n — 1 elements be ¢ (a small positive number) Let the last
element be —c, where ¢ > (. This gives us a tuple of the form (e, ¢, ..., e, —c), with n — 1 copies
of € and one —c. We analyze the sum of pairwise products:

Z T = % (((n —1)e—¢)® — (n—1)e* + 62))
1<i<j<n

After simplification, this becomes: ) x;z; = "T_l (52 — 1) To ensure the tuple is Shiny, we must
also satisfy the condition that the minimum sum of adjacent products over all permutations is
at least —1. By analyzing the worst-case permutation (when —c is adjacent to two €’s), we find
that this condition is satisfied as ¢ — 0, and we can set ¢ such that the sum of adjacent products
is exactly —1. Asymptotic Behavior and Conclusion. As ¢ — 0, the sum of pairwise products
approaches: ) x;jz; — ”T_l - (-1) = —"T_l This is the smallest possible value of the sum of
pairwise products that still satisfies the Shiny condition. Since we can construct such a tuple that
approaches this value, and no tuple can have a smaller sum without violating the Shiny condition,

n—1
2

we conclude that:

is the largest constant K (n) such that for every Shiny n-tuple, the

n—1
2

sum of all products of pairs is at least K (n). Final Answer | —
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