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Abstract

Large Reasoning Models (LRMs) achieve sig-
nificant performance gains across various do-
mains by extending the Chain-of-Thought
(CoT) length during inference. However, they
frequently exhibit a tendency toward overthink-
ing—generating unnecessary reasoning steps
after already reaching a correct answer—which
undermines both efficiency and performance.
To address this issue, we propose the Reflec-
tion Inhibition Reward Mechanism (RIRM), a
reinforcement learning-based method designed
to suppress excessive post-answer reflection.
Specifically, RIRM identifies the position of
the first correct answer and subsequent reflec-
tions within the CoT. It then optimizes a well-
designed reward function that guides reinforce-
ment learning toward accurate yet computa-
tionally efficient reasoning. Extensive exper-
iments on mathematical and scientific bench-
marks show that RIRM reduces token consump-
tion by up to 69.06% while improving accu-
racy by up to 11.37 percentage points, yielding
a more favorable efficiency—accuracy tradeoff.
Code will be released shortly.

1 Introduction

Large Reasoning Models (LRMs)—such as Ope-
nAI’s ol (OpenAl, 2024), DeepSeek-R1 (Guo et al.,
2025), QwQ (Team, 2025), and Kimi-k1.5 (Team
et al., 2025)—have demonstrated strong reasoning
capabilities on complex tasks through Test-Time
Scaling (TTS). By dynamically allocating addi-
tional computation during inference, these mod-
els generate extended Chain-of-Thought (CoT) se-
quences, leading to notable improvements on chal-
lenging mathematical and logical benchmarks.

As research deepens, extensive work (Qu et al.,
2025) reveals a critical limitation of LRMs: over-
thinking. After arriving at a correct solution, these
models persistently generate verbose, repetitive,
or irrelevant reasoning steps. This behavior not
only wastes computational resources but can also
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Figure 1: RIRM effectively mitigates overthinking and
improves the reasoning performance of DeepseekR1-
Distill-Qwen-1.5B (DS-1.5B) and Yuan3.0 Flash-SFT
across multiple benchmarks.

degrades model performance. Chen et al. (2024)
characterize overthinking as a state in which mod-
els expend substantial computation on intermediate
steps with diminishing marginal returns. Subse-
quent work by Wei et al. (2025) and Zhao et al.
(2025) further shows that such redundancy typi-
cally occurs after the first correct answer, where
models enter cycles of repetitive verification.

From a reinforcement learning perspective, over-
thinking arises from a mis-specified reward signal
and imperfect credit assignment along the reason-
ing trajectory. Standard training objectives primar-
ily reward final answer correctness, providing little
supervision on when the model should stop reason-
ing. Consequently, reasoning steps generated after
the first correct answer are not penalized and can
even accumulate positive reward through spurious
correlations with success, leading to reward hack-
ing in the form of excessive reflection. This sug-
gests that incorporating trajectory-level awareness
into reward design can help differentiate solution-
relevant reasoning from post-answer reflection, en-
abling more efficient inference-time computation.

To address this reward misalignment, we pro-
pose a Reflection Inhibition Reward Mechanism
(RIRM) that explicitly regulates reasoning trajec-
tories by penalizing redundant post-answer reflec-



tion. The core idea of RIRM is to provide fine-
grained, trajectory-level reward signals that distin-
guish solution discovery from unnecessary verifica-
tion, thereby improving credit assignment during
policy optimization. Concretely, RIRM identifies
two critical positions in CoT: (i) the step where the
correct answer first emerges, and (ii) the boundary
of subsequent reflection steps. Based on these po-
sitions, the reasoning trajectory is evaluated along
three dimensions: successful identification of the
first correct answer, the extent of post-answer re-
flection, and final answer correctness. These crite-
ria are combined into a unified reward signal that
guides reinforcement learning toward accurate yet
computation-efficient reasoning.

Experiments conducted on DeepSeek-R1-Distill-
Qwen-1.5B (Guo et al., 2025) and Yuan3.0 Flash-
SFT (Wu et al., 2026) across mathematical and
scientific reasoning benchmarks (Figure 1) show
that RIRM reduces token length by up to 69.06%
while improving accuracy by up to 11.37 percent-
age points. These results indicate that RIRM ef-
fectively mitigates overthinking, enhances baseline
performance and generalizes across model scales.

In summary, our contributions are threefold:

* We provide a systematic analysis of the rea-
soning trajectories of large reasoning models
and identify redundant post-answer reflection
as the primary cause of overthinking.

* We propose a novel Reflection Inhibition Re-
ward Mechanism (RIRM), which identifies
the first correct answer and subsequent reflec-
tion steps, and designs a three-dimensional
reward for end-to-end optimization under the
RLVR framework.

» Extensive experiments across multiple base
models and diverse reasoning tasks demon-
strate that RIRM effectively reduces over-
thinking and advances a practical paradigm
for efficient reasoning in LRMs.

2 Related Work

Large Reasoning Models (LRMs), such as Ope-
nAI’s ol (OpenAl, 2024), DeepSeek-R1 (Guo et al.,
2025), and Kimi-k1.5 (Team et al., 2025), em-
ploy reinforcement learning with verifiable rewards
(RLVR) to produce extended reasoning chains.
However, RLVR tends to encourage models to gen-
erate redundant reasoning steps—a phenomenon

known as overthinking—thereby consuming unnec-
essary computational resources and potentially de-
grading performance. Existing research addressing
overthinking can be categorized into the following
three types (Sui et al., 2025).

Prompt-Based Optimization. Prompt-based op-
timization guides LRMs toward more concise an-
swers via engineered prompts (Huang et al., 2025;
Xu et al., 2025; Han et al., 2025). While straightfor-
ward, their effectiveness relies heavily on prompt
design, and imposed length constraints often com-
promise reasoning accuracy.

Inference-Time Reasoning Control. Reasoning
output optimization intervenes during inference to
induce early termination (Wei et al., 2025; Fan
et al., 2025; Yang et al., 2025b). These methods,
however, depend on heuristic rules that may lack
generality, fail to resolve overthinking fundamen-
tally, and risk interrupting valid reasoning chains.

Post-Training Optimization. Post-training
methods can be categorized into supervised
fine-tuning (SFT) and reinforcement learning
(RL). SFT-based methods instill efficient reasoning
capabilities by training on short-chain-of-thought
datasets (Ma et al., 2025; Ye et al., 2025; Yu et al.,
2025a; Zhao et al., 2025; Liu et al., 2025) but
they rely on high-quality curated data and often
generalize poorly across diverse tasks. RL-based
methods typically incorporate explicit length
penalties (Team et al., 2025; Shen et al., 2025;
Yeo et al., 2025; Cheng et al., 2025), length-aware
rewards (Arora and Zanette, 2025; Yi et al., 2025;
Tu et al., 2025), or complex stepwise verification
mechanisms (Yue et al., 2025). However, these
strategies tend either to oversimplify the optimiza-
tion objective or to incur high computational cost
and low training efficiency.

Different from prior work, we identify over-
thinking as primarily arising from redundant post-
answer verification—where models continue rea-
soning even after the first correct answer has
emerged. Building on this insight, we propose the
Reflection Inhibition Reward Mechanism (RIRM).
Experiments demonstrate that RIRM achieves up
to 69.09% token compression while preserving ac-
curacy, with training efficiency substantially ex-
ceeding that of existing methods.



3 Methodology

3.1 LRM Reasoning Process Analysis

In complex reasoning tasks, particularly in math-
ematical and scientific domains, large reasoning
models (LRMs) exhibit pronounced overthinking
behavior. As illustrated in Figure 2(a), even af-
ter producing a correct answer, these models fre-
quently continue generating reasoning steps in
repetitive self-verification loops, a phenomenon
commonly referred to as reflection. Empirical
analysis on the DeepSeek-R1-Distill-Qwen-1.5B
and DeepSeek-R1 models across the AIME 2024
and MATH-500 benchmarks reveals that a substan-
tial portion of inference-time computation—up to
71.6% of total tokens—is consumed during this
post-answer reflection stage (Figure 2(b)).

These findings suggest that mitigating overthink-
ing is fundamentally a problem of regulating the
reasoning trajectory rather than merely shorten-
ing outputs. In particular, effective control re-
quires identifying the first correct answer—the
earliest point at which the model reaches a valid
solution—and distinguishing solution-critical rea-
soning from subsequent post-answer reflection.
Without such differentiation, redundant verification
steps are treated on par with productive reason-
ing and continue to accumulate computation. This
motivates a mechanism that explicitly suppresses
unproductive reflection after solution discovery, en-
abling models to terminate reasoning in a princi-
pled manner while preserving correctness. Such
trajectory-aware control naturally aligns inference-
time computation with task-level utility and forms
the basis of our proposed Reflection Inhibition Re-
ward Mechanism (RIRM). Figure 3 illustrates the
workflow of RIRM, which consists of two main
processes: Correct Answers Identification and Re-
ward Calculation. These will be detailed below.

3.2 Reflection Inhibition Reward Mechanism

Correct Answers Identification. To suppress
overthinking in a principled manner, it is essential
to explicitly model the internal structure of the rea-
soning trajectory generated by LRMs, i.e., the con-
tent enclosed between the <think> and </think>
tags. In particular, effective reward assignment
requires precise identification of two critical com-
ponents: (1) the earliest step at which the model
first arrives at a correct solution, referred to as
the first correct answer, and (2) the boundaries

of subsequent reflection steps that occur after this
point. Distinguishing these stages is crucial for
separating solution-critical reasoning from redun-
dant post-answer verification, which underlies the
overthinking phenomenon.

To achieve robust and scalable segmentation of
reasoning trajectories, we adopt a fixed-window
text segmentation strategy combined with exter-
nal model-assisted annotation. This design is mo-
tivated by two considerations. First, reasoning
chains in LRMs can be long and structurally un-
regularized, making rule-based parsing brittle and
unreliable. Second, directly annotating step-level
correctness within a single long sequence is chal-
lenging due to context dilution and error accumu-
lation. Segmenting the reasoning text into fixed-
length windows enables localized analysis while
preserving the temporal order of reasoning steps.

The annotation workflow proceeds as follows:
(1) Text Segmentation. The reasoning text is
split into consecutive, non-overlapping segments of
fixed length (e.g., 1000 characters). Each segment
is processed sequentially to maintain the original
reasoning order. (2) External Model Annotation.
Each segment, together with the original question
and its ground-truth answer, is provided to an exter-
nal reasoning-capable model. Guided by explicit
prompt instructions, the external model determines
whether the segment contains a valid occurrence of
the correct answer. If a segment contains n such
occurrences, the model outputs n corresponding
statements, and a </verify> tag is appended after
each statement containing the correct answer. (3)
Tag Conversion. After all segments are annotated,
the earliest </verify> tag in the reconstructed rea-
soning sequence is replaced with <1st_answer>,
marking the position of the first correct answer.

This procedure yields a structured and unam-
biguous annotation of the reasoning trajectory: the
<1st_answer> tag identifies the transition point
from solution discovery to post-answer reason-
ing, while subsequent </verify> tags delineate
the boundaries of reflection intervals. Such fine-
grained structural annotations provide a reliable
operational basis for computing reflection-aware
reward signals in RIRM. Detailed prompt templates
used for external model annotation are provided in
the Appendix C.

Reward Calculation. After annotating the
<1st_answer> and </verify> tags in the reason-
ing process, we compute the Reflection Inhibition



Question:
The sum of the first N positive odd numbers is 121. What is the value of N?

Reasoning:
<think>

Okay, so I need to find the value of N where the sum of the first N positive odd numbers is 121. Hmm,
let me think about how to approach this.\n\nFirst, I remember that the sum of the first N odd

numbers has a formula. Is it something like N squared? Wait, let me verify that......n\nSo, if that's  Correct answer

the case, then if the sum is 121, then N squared must be 121. Therefore, N is the square root of 121.
Let me compute that.\n\nSquare root of 121 is 11, because 11 times 11 is 121. So, N should be 11.

Is that right?\n\nWait, let me double-check. Let me add up the first 11 odd numbers to make sure I
get 121.\n\nl +3+5+7+9+ 11+ 13+ 15+ 17 + 19 + 21.\n\nLet me add them step by step:\n\n1 + 3
=4\n\n4 + 5=9\n\n9 + 7= 16\n\n16 + 9 = 25\n\n25 + 11 = 36\n\n36 + 13 = 49\n\n49 + 15 = 64\n\n64 +
17 =81\n\n81 + 19 = 100\n\n100 + 21 = 121\n\nYep, that adds up to 121. So, N is indeed 11.

\n\nBut wait, just to make sure I didn't make a mistake in my initial thought process, let me think
about why the sum of the first N odd numbers is N*. Maybe that's a formula I should recall or
derive.\n\nSo, the first odd number is 1, which is 1.....Alternatively, I can write the sum as:\n\nS = £
(from k=1 to N) (2k - 1)\n\nWhich is equal to 2 £k - £1, where the first sum is from k=1 to N of k, and
the second sum is from k=1 to N of 1.\n\nSo, that becomes 2*(N(N + 1)/2) - N*I\n\nSimplify
that:\n\n2*(N(N + 1)/2) = N(N + 1)\n\nSubtract N: N(N + 1) - N = N* + N - N = N*\n\nSo, yes, that
works out. So, the sum is N2, Therefore, if the sum is 121, N is 11.\n

\nWait, another way to think about it is that each odd number can be represented as 2k - 1, so when

you add them up, it's like 1 + 3 + 5+ ... + (2N - 1) = N2\n\nSo, that's another way to see it. So, in this
problem, since the sum is 121, which is 112, N is 11.\n

\nI think that's thorough enough. I don't see any errors in my reasoning. So, the value of N is 11.\n

\n**Final Answer**\nThe value of \( N \) is \boxed{11}.
</think>

Summary:
The sum of the first \( N \) positive odd numbers is given by the formula \( N*2 \\). We need to find
(N \)) such that the sum is 121.\n\nFirst, we recognize that the sum of the first \\( N \\) positive odd
numbers is \\( N*2 \\). Therefore, if the sum is 121, we have:\n\n\\[ N*2 = 121 \\|\n\nTaking the square
root of both sides, we get:\n\n\\| N = \\sqrt{I121} \\|\n\nSince the square root of 121 is 11, we
find:\n\n\\[ N = 11 \\|\n\nTo verify, we can add the first 11 odd numbers:\n\n\\[ 1 +3+5+7+9+ 11+
13+ 15+ 17+ 19+ 21 = 121 \\|\n\nThus, the value of \\( N \\) is \\(\\boxed {11}\\).
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Figure 2: (a) An example of repetitive “reflection” behavior in DeepSeek-R1-Distill-Qwen-1.5B reasoning output af-
ter the “first answer” is reached. (b) Breakdown of average token consumption for DeepSeek-R1-Distill-Qwen-1.5B
and DeepSeek-R1 on the AIME 2024 and MATH-500 benchmarks.

Reward 'R, which provides trajectory-aware super-
vision for reinforcement learning. To enable ef-
fective credit assignment, R is decomposed into
three complementary components: Ry, s, indicat-
ing whether the first correct answer is successfully
identified; R, measuring the appropriateness of
post-answer reflection; and R,.., capturing final
answer correctness. This decomposition explicitly
separates solution discovery, reflection control, and
task success, thereby aligning reasoning efficiency
with task-level utility.

If the <1st_answer> tag is missing, the rea-
soning trajectory is treated as invalid, as the
model either fails to reach a correct solution or
produces unstructured output. In this case, we
uniformly penalize the trajectory by assigning
[Rans = —1,Ryer = —1,Rgee = —1]. If the
reasoning process terminates immediately after
the <1st_answer> tag—i.e., the output contains
</think> but no </verify>—the model correctly
stops reasoning upon solution discovery. In this
case, reflection behavior is considered optimal, and
we set Ryer = Race, yielding [Ryns = 1, Ryer =
Race, Race). If the <1st_answer> tag appears but
the output lacks the closing </think> tag, indicat-
ing incomplete or truncated reasoning, we assign
[Rans = 17Rver = _17Racc = _1]

When both <1st_answer> and one or more
</verify> tags are present, we assign [Runs =

1, Ryer, Race|, where Ry, is determined by the
number of reflection steps. Let v denote the number
of </verify> tags. To account for task difficulty
and answer ambiguity, we estimate the empirical
pass rate p over (G sampled responses for the same
prompt,

1 G
= =) IR, =1).
p G pot (Racc )

When p > 50%, fixed reflection bounds Vi = 2
and Vi,.x = 10 are applied, reflecting that exces-
sive verification is unlikely to be beneficial for rel-
atively easy problems. When p < 50%, adaptive
bounds are defined using the observed minimum
and maximum numbers of </verify> tags among
correct responses, allowing additional reflection for
more challenging cases.
The reflection reward is computed as

1, ifv < Vinin,
Rver (U) — 1- (VS::(;V—mizzn)’ if Vipin < < Vmaz,
0, if Vinaz < 0.

This piecewise formulation softly penalizes exces-
sive reflection rather than imposing a hard cutoff,
reducing the risk of suppressing necessary reason-
ing. When v = 0, we set Ryer = Rgce to avoid
penalizing trajectories that correctly terminate im-
mediately after solution discovery. If Vipax < 2,
we directly set R,., = 1 to prevent degenerate
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Figure 3: Workflow of Reflection Inhibition Reward mechanism (RIRM). It consists of two main processes: Correct
Answers Identification and Reward Calculation. The former identifies the first correct answer and subsequent
reflection segments within the reasoning trajectory, while the latter assigns a trajectory-aware reward to penalize

redundant reflection during reinforcement learning.

scaling effects. A detailed algorithmic description
of R, computation is provided in Appendix A.

Finally, the overall Reflection Inhibition Reward
is defined as the sum of the three components,

R = Rans + Rver + Racc‘

This unified reward balances answer correctness
and reasoning efficiency, guiding the model to sup-
press redundant post-answer reflection while pre-
serving solution-critical reasoning.

4 [Experiments

4.1 Experiments Setup

Models. We use Deepseek-R1-Distill-Qwen-
1.5B (Guo et al., 2025) and Yuan3.0 Flash-SFT
(Wu et al., 2026) as base models. These two rep-
resentative LRMs have demonstrated strong per-
formance in mathematical and scientific reasoning
tasks.

Dataset. For mathematical training, we use
the OpenMathReasoning dataset (Moshkov
et al.,, 2025); for scientific training, the
Nemotron-Science-vl  dataset (Corporation,
2025) and the physics, chemistry, and biology
subsets of the CAMEL dataset (Li et al., 2023)
are employed. We exclude binary-choice,
multiple-choice, multi-part, formal-proof, and
open-ended questions, retaining only algorithmi-
cally parsable numerical problems. To prevent
data leakage, similarity-based deduplication
is applied against the benchmarks included in

the present study—AIME 2024, MATH-500,
GPQA-Diamond, MMLU, and MMLU_Pro.
After this process, a total of 60K high-quality
mathematical training samples and 40K scientific
training samples are obtained.

Evaluation and Metrics. Our evaluation uses
mathematical and scientific reasoning bench-
marks: AIME 2024, MATH-500, GPQA-Diamond,
MMLU, and MMLU_Pro. We adopt an infer-
ence length limit of 24,576 tokens (beyond the
16,384-token training limit) to avoid truncation.
Hyperparameters follow DeepSeek-R1 (tempera-
ture=0.6, top-p=0.95). Metrics are the average
pass@1 over N runs, with N=1 for MMLU and
MMLU_Pro, 8 for MATH-500, and 64 for AIME
and GPQA-Diamond to control variance.

We consider Accuracy(Acc), Token Length(Tok)
and Accuracy-Efficiency Score(AES) as evaluation
metrics. Accuracy denote the final answer accu-
racy, we report the pass@1 performance. Token
Length denote the average output length per sample
in each benchmark. Accuracy—Efficiency Score is
a composite metric which balances output brevity
against answer accuracy (Luo et al., 2025). It re-
wards models that maintain high accuracy while
reducing output length, with higher values reflect-
ing a more favorable balance. See Appendix B for
its formal definition and hyperparameters.

Implementation Details. Our method is imple-
mented on the VeRL framework (Sheng et al.,
2025), with the RIRM built upon the DAPO algo-



rithm; this implementation is referred to as RIRM-
DAPO in the paper. During training, we sample 8
rollouts per instance with temperature 1.0 and top-p
1.0, and disable the length penalty typically used
in DAPO. We use a batch size of 512, a mini-batch
size of 64, an output length limit of 16K tokens,
and a fixed learning rate of 1e-6 for Deepseek-R1-
Distill-Qwen-1.5B and 5e-7 for Yuan3.0 Flash-SFT.
The mathematical task is trained for 1 epoch, and
the scientific task for 2 epochs. All other hyperpa-
rameters follow the original DAPO configuration.
For the Deepseek-R1-Distill-Qwen-1.5B model,
training is performed on 8 nodes, each equipped
with 8 GPUs. The mathematical task requires ap-
proximately 19.77 hours, and the scientific task
27.67 hours. For the Yuan3.0 Flash-SFT model,
we use 32 nodes (8 GPUs per node), with training
times of about 33.65 hours and 30.28 hours for the
mathematical and scientific tasks, respectively. We
employ the Qwen3-32B model (Yang et al., 2025a)
as an external model to annotate the <1st_answer>
and </verify> tags. For the Deepseek-R1-Distill-
Qwen-1.5B experiment, its inference runs on an ad-
ditional 8 nodes (8 GPUs per node); for the Yuan3.0
Flash-SFT experiment, inference is conducted on
an additional 16 nodes of the same configuration.

Baselines. We compare RIRM-DAPO with the
following representative efficient reasoning meth-
ods. (1) Deepseek-R1-Distill-Qwen-1.5B (Guo
et al., 2025): Model obtained by distillation from
the Qwen2.5-1.5B model using larger DeepSeek-
R1 models. (2) Yuan3.0 Flash-SFT (Wu et al.,
2026): A 40B MoE model (3.7B activated) op-
timized for enterprise use. Its SFT version inte-
grates high-quality data that unifies deep-thinking
and fast-thinking paradigms. (3) DAPO (Yu et al.,
2025b): In the DAPO experiments, we apply its
built-in Soft Overlong Punishment to control out-
put length, with the output limit set to 16,384 to-
kens and a punishment interval of 4,096 tokens. (4)
VSRM-PPO (Yue et al., 2025): VSRM introduces
a verifiable stepwise reward mechanism that as-
signs stepwise rewards to specific positions based
on the performance of intermediate states along
the reasoning trajectory. Like RIRM, it is a reward
mechanism designed for the reasoning process. We
therefore include it as a key baseline for compari-
son with our method. To ensure a fair comparison,
all experiments are conducted using the same train-
ing dataset and trained for the same number of
epochs. For DAPO and VSRM-PPO, we report the

Table 1: Performance comparison for all methods across
AIME 2024 and MATH-500. “Acc” denotes the accu-
racy, “Tok™ denotes the output length in tokens, and
“AES” denotes the “Accuracy-Efficiency Score”.

AIME 2024 MATH-500

Methods
Acct Tok| AEST Acct Tok|] AES?T
Deepseek-R1-Distill-Qwen-1.5B

Base 2745 17514 - 82.89 5277 -
VSRM-PPO  30.57 17145 0.36 84.55 5495 0.01
DAPO 34.17 12150 1.04 88.78 3778 0.49
RIRM-DAPO 33.18 7245 1.21 86.33 1877 0.77

Yuan3.0 Flash-SFT
Base 3145 13656 -  83.20 3362 -
DAPO 46.35 13781 1.41 89.06 3974 0.03
RIRM-DAPO 47.92 7505 2.02 89.47 1777 0.70

scores from the best-performing checkpoint.

4.2 Main Results

As shown in Table 1, we conduct a comparison
among RIRM-DAPO, DAPO, and VSRM-PPO on
mathematical benchmarks. Built upon DeepSeek-
R1-Distill-Qwen-1.5B, RIRM-DAPO yields a sub-
stantially greater reduction in output length on both
AIME 2024 and MATH-500 than both VSRM-PPO
and DAPO. Notably, on MATH-500, the output
length is reduced from 5,227 to 1,877 tokens, cor-
responding to a 64.09% decrease. When Yuan3.0
Flash-SFT is used as the base model, RIRM-DAPO
consistently reduces output length on AIME 2024
and MATH-500 and improves accuracy on AIME
2024 by 11.37 pp over the base model. Across all
mathematical benchmarks and base models, RIRM-
DAPO achieves substantially higher Accuracy-
Efficiency Scores (AES) than the other methods.
Similar trends are observed in Table 2 on sci-
entific benchmarks. With DeepSeek-R1-Distill-
Qwen-1.5B as the base model, RIRM-DAPO sig-
nificantly compresses output length across all tasks,
outperforming VSRM-PPO and DAPO, while
consistently improving accuracy over the base
model. On MMLU_Pro, accuracy increases by 5.1
pp- When Yuan3.0 Flash-SFT is adopted, RIRM-
DAPO achieves greater output length reduction
than DAPO while maintaining comparable accu-
racy improvements. The most pronounced reduc-
tion occurs on GPQA-Diamond, where the out-
put length decreases from 10,337 to 3,198 tokens
(69.06%). Across all scientific benchmarks, RIRM-
DAPO consistently attains the highest AES.
Overall, these results indicate that RIRM-DAPO
effectively eliminates redundant reflection steps



Table 2: Performance comparison for all methods across GPQA-Diamond, MMLU and MMLU_Pro. “Acc” denotes

the accuracy, “Tok” denotes the output length in tokens, and “AES” denotes the “Accuracy-Efficiency Score”.

Methods GPQA-Diamond MMLU MMLU_Pro

Acc?t Tok| AEST Acc?t Tok| AEST Acc?t Tok| AEST

Deepseek-R1-Distill-Qwen-1.5B
Base 36.39 9906 - 47.28 2219 - 34.67 6371 -
VSRM-PPO 36.55 9935 -0.02 46.97 2260 -0.05 34.56 6492 -0.02
DAPO 39.11 8374 0.38 49.53 2649 -0.05 40.28 6144 0.04
RIRM-DAPO 38.48 4970 0.67 49.50 1324 0.54 39.77 2752 1.01
Yuan3.0 Flash-SFT

Base 41.32 10337 - 79.98 1662 - 62.25 4599 -
DAPO 43.36 7085 0.46 82.43 1089 0.44 64.18 3178 0.40
RIRM-DAPO 45.14 3198 0.97 82.22 762 0.63 65.03 1616 0.78

and achieves a superior accuracy—efficiency trade-
off, demonstrating its effectiveness in mitigating
the overthinking problem.

4.3 Ablation Study

Based on the DeepSeek-R1-Distill-Qwen-1.5B
model, we design ablation studies to evaluate the
contribution of each component in RIRM. All ex-
periments are trained for 1 epoch on mathematical
data and are evaluated on AIME 2024 and MATH-
500 benchmarks. The results are summerized in
Table 3.

Effect of Reflection-Count Penalty Boundaries.
To examine the effect of the reflection-count
penalty boundaries, we perform an ablation com-
paring three configurations: (1) applying fixed
boundaries (Vyin = 2, Vingz = 10) to all samples;
(2) using only sample-wise statistically determined
dynamic boundaries; and (3) removing the mini-
mum upper-bound constraint from RIRM-DAPO
(.e., “If Viar < 2, Ryer = 1.°) As shown in Table
3, the fixed-boundary configuration strikes a good
balance between accuracy and length reduction, but
it tends to over-suppress reflections on harder prob-
lems, causing a slight accuracy drop. The fully dy-
namic boundaries yield substantial length reduction
at the cost of severe accuracy degradation, as they
penalize reasonable reflection steps even on eas-
ier samples. Removing the minimum upper-bound
constraint results in higher penalties for difficult
samples—whose reflection counts have become
low and concentrated in later training—which in
turn encourages longer outputs and increases over-
all length. These observations confirm that our pro-
posed boundary-selection mechanism effectively
balances accuracy and efficiency in most scenarios.

Effect of the Pass-Rate Threshold To validate
the effectiveness of the pass-rate threshold, we ex-

amine how different threshold values affect model
accuracy and output length compression. We adjust
the original 50% threshold in RIRM to 40% and
60% for comparison; results are shown in Table 3.
Both higher and lower thresholds degrade perfor-
mance. When the threshold is set to 40% or 60%,
an imbalance in reward signals prevents sufficient
reflection inhibition for many samples, which in
turn reduces both length compression and accuracy.

Effect of the sample range for determining dy-
namic bounds In the calculation of dynamic up-
per and lower bounds for RIRM, we count only
the number of </verify> tags from positive sam-
ples. Table 3 examines the effect on accuracy
and length compression when the bounds are in-
stead computed using </verify> counts from all
samples—both positive and negative. Experiments
show that including negative samples makes the
reflection-inhibition penalty overly lenient for sam-
ples with lower pass rates. This leads to insuf-
ficient compression of output length, inflates the
final reward, and consequently hinders accuracy
improvement.

4.4 Analysis of reflection inhibition impact

Figure 4(a) illustrates that after RIRM training, the
DeepSeek-R1-Distill-Qwen-1.5B model learns to
halt reasoning naturally once the correct answer is
reached (marked in blue), thereby sharply reducing
subsequent reflection steps. Additional examples
are provided in the Appendix. To quantify the im-
provement in reasoning efficiency brought by the
RIRM, we evaluate the RIRM trained DeepSeek-
R1-Distill-Qwen-1.5B model on the AIME 2024
and MATH-500 benchmarks. The results show
a pronounced compression in output length com-
pared to the baseline. As seen in Figure 4(b), the
fraction of tokens generated after the first correct



Table 3: Ablation study on different configurations of RIRM. "Average" reports the average performance across all

benchmarks. The best results are highlighted in bold.

Methods AIME 2024 MATH-500 Average
Acc?t Tok| AEST  Acct Tok] AEST Acct Tok| AES?T
Base 27.45 17514 - 82.80 5227 - 55.17 11371 -
RIRM-DAPO 33.18 7245 1.21 86.33 1877 0.77 59.76 4561 0.99
w/ fixed bounds 30.83 7943 0.92 85.43 1964 0.72 58.13 4954 0.82
w/ dynamic bounds 27.76 6588 0.66 85.51 1546 0.80 56.64 4067 0.73
w/o min. upper bound 3234 9300 1.00 86.35 2094 0.72 59.35 5697 0.86
w/ 40% as threshold 31.77 7924 1.02 86.03 2037 0.72 58.90 4981 0.87
w/ 60% as threshold 30.36 8442 0.84 86.79 1998 0.76 58.58 5220 0.80
w/ bounds from all samples  28.39 8361 0.63 85.97 1950 0.74 57.18 5156 0.68
Question: . . . DeepSeek-R1-Distill-Qwen-1.58 - # tokens before 1st correct answer
The sum of the first N positive odd numbers is 121. What is the 11000 mmm DeepSeek-R1-Distill-Qwen-1.58 - # tokens after 1st correct answer
value of N? RIRM-1.58 - # tokens before 1st correct answer
RIRM-1.5B - # tokens after 1st correct answer
10000
Reasoning:
<think> 9000
Okay, so I need to find the value of N such that the sum of the 8000
first N positive odd numbers is 121. Hmm, let me think about
this. I remember something about the sum of the first N odd
numbers. Isn‘t there a formula for that?\n\nWait, yes! The sum 7000 Eatkl
of the first N odd numbers is N squared. So, the formula Correct answer
iss\n\nSum = 1 + 3 + 5 + ... + (2N - 1) = N*\n\nSo, if the sum is 2 6000
121, then N* = 121. To find N, I just need to take the square root %
of 121.\n\nV121 = 11\n\nSo, N must be 11. =
5000
**Final Answer**
The value of N is \boxed{11}. 4000
</think>
3000 34.4%
Summary:
The sum of the first \( N'\) positive odd numbers is given by the
formula \( N~2 \). We need to find \( N \) such that this sum is 2000 88.7%
121.\n\nUsing the formula:\n\n\[\n\text{Sum} = N”2\n\|\nGiven
that the sum is 121, we have:\n\[\nN~2 = 121\n\]\nTaking the 1000
square root of both sides, we get:\n\\nN = \sqrt{l21} = 82.8%
11\n\]\nThus, the value of \( N \) is \(\boxed{11}\). 0 11.3% S
AIME2024 MATH-500
(a) (b)

Figure 4: (a) A illustration of DeepSeek-R1-Distill-Qwen-1.5B model’s reasoning process. After training with
RIRM, the model naturally stops reasoning upon reaching the correct answer. (b) Breakdown of average token
consumption for DeepSeek-R 1-Distill-Qwen-1.5B before and after training with RIRM on the AIME 2024 and

MATH-500 benchmarks.

answer—which corresponds to reflection steps—is
markedly reduced. Specifically, on AIME 2024
this portion drops from 45.5% to 11.3%, and on
MATH-500 from 65.6% to 17.2%. Together, these
findings indicate that the RIRM effectively sup-
presses redundant reflections, producing more con-
cise and computationally efficient reasoning trajec-
tories without compromising final accuracy.

5 Conclusion

In this work, we introduce the Reflection Inhibi-
tion Reward Mechanism (RIRM) to address the
overthinking problem in large reasoning models.
By precisely identifying the initial correct answer
and subsequent redundant reasoning steps, RIRM
evaluates reasoning trajectories against three well-
defined criteria and utilizes a unified reward signal
to guide policy optimization during reinforcement

learning. Extensive experiments show that RIRM
significantly reduces token consumption without
sacrificing accuracy across multiple mathematical
and scientific reasoning benchmarks. The approach
yields marked gains in efficiency while maintaining
or even improving predictive performance, thereby
establishing a new paradigm to balance computa-
tional cost and reasoning quality in large reasoning
models.

Limitations

While our proposed Reflection Inhibition Reward
Mechanism (RIRM) shows promise in mitigating
overthinking, several important directions remain
for future work. First, to improve the generaliz-
ability and robustness of the reward signal, we
intend to explore self-supervised alternatives that
reduce reliance on external models for annotation.



Second, although RIRM performs well on math-
ematical and scientific reasoning benchmarks, its
efficacy should be further validated in more open-
ended, multimodal, or subjectively evaluated do-
mains, where reasoning patterns may differ sig-
nificantly. Future efforts will therefore focus on
developing lightweight training paradigms and con-
ducting broader domain validation to enhance the
practicality and applicability of the RIRM frame-
work.
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A Pseudocode of the Algorithm

Algorithm 1 Calculation of R,
Input:
acc_score: accuracy of the response
marked_txt: annotated reasoning process
Vinin: lower bound of </verify> counts
Vinaz: upper bound of </verify> counts
Output:
Total verification reward R,

v < marked_txt.count(’</verify>’)
if v = 0.0 then
| Ryer ¢ acc_score

else if V,,,,,. < 2 then
| Ryer <+ 1.0

else
if 0 < v < Vi then
| Ryer < 1.0

else if V,,,;n, < v < V0. then

_ vamin
L RU@T A 1 Vmazfvmin
else

| Ruer < 0.0

return R,

B Accuracy-Efficiency Score (AES)

The Accuracy-Efficiency Score (AES) (Luo et al.,
2025) is a composite metric that assesses whether
a model can reduce its output length without com-
promising accuracy. It is defined as:

AES =
¢ - ALength + 7 - |[AAcc|, if AAcc >0
¢ - ALength — 0 - |[AAcc|, if AAcc <0
(1)
where
ALength _ Lengthbase B Lengthmodel
Lengthbase
and

AAcc — Accmodel - ACCbase

ACCbase

denote the relative changes in output token length
and accuracy, respectively, compared to a base
model. A positive AES indicates that the model
produces shorter outputs while preserving or im-
proving accuracy, whereas a negative score reflects
a penalty for accuracy degradation. The hyper-
parameter ¢ weights length reduction, 7 ewards
accuracy gains, and 6 enalizes accuracy losses. In

11

our experiments, following (Luo et al., 2025) and
(Yi et al., 2025), we adopt the following hyperpa-
rameter values:

0=5

p=1, n=3,

Setting 6 > 7, imposes a stronger penalty for accu-
racy loss than the reward for accuracy gain, align-
ing with the practical preference for avoiding per-
formance deterioration.

C Prompts to Locate Correct Answer

This section presents the prompt templates used to
locate correct answers within reasoning trajectories.
The template in Figure 5 is employed for mathe-
matical tasks, while those in Figure 6 and Figure
7 are used for scientific tasks. The second prompt
template in Figure 7 is more stringent than the one
in Figure 6, making it particularly suitable for iden-
tifying correct answers in reasoning trajectories
where the final answer is incorrect.

D Examples of Reasoning Trajectories

This section showcases reasoning trajectories gen-
erated by the Deepseek-R1-Distill-Qwen-1.5B and
Yuan3.0 Flash-SFT models after RIRM training.
The examples, Figure 8 to Figure 11 are selected
from the AIME 2024 and GPQA-Diamond evalu-
ation datasets, illustrate that the models maintain
fluent and coherent reasoning paths. Notably, the
occurrence of reflection steps remains infrequent,
and once a correct answer is reached, the reasoning
process tends to terminate naturally.



rompt to locate correct answer in mathematical task

"""[Original Question]:

{Question_text}

** [Standard Answer to the Original Question]: **

{Solution_text}

**Traverse the text provided in Input, and extract all parts of the text that provide the exact complete [Standard Answer] to the given
[Question] as above.**
**Notes:*+

- **Do not modify the original text.**

- »*Must scan from the beginning of the text, referencing the standard answer of the original question, to find all positions providing
identical answers. Ensure no omissions, ensure no omissions, ensure no omissions.**

- »*Must ignore differences in formats such as LaTeX, and judge based on the consistency of mathematical content. For example,
coordinate (7,10) is equivalent to x=7,y=10, sqrt(5) is equivalent to V 5, and pay attention to differences in interval openness/closedness,
etc.x*

- If the answer of the original question contains multiple values or formulas (i.e., more than one numerical value/content), the original
text may present the complete answer across multiple consecutive sentences. In such cases, all these consecutive sentences must be
completely extracted.

- »*Whenever the same [Standard Answer to the Question] appears (ignoring non-mathematical differences such as LaTeX formatting),
check whether the content at that location (could be a single sentence or multiple consecutive sentences) completely and accurately
presents the answer to the question. If yes, return the corresponding content based on the following conditions: if the [Standard Answer
to the Question] is a single value/formula, return the sentence containing the answer; if the [Standard Answer to the Question] includes
multiple values/formulas, return all consecutive sentences in the original text that collectively form the complete answer (note: the
extracted content must include all answers provided, not just partial answers).**

- »x|f the [Standard Answer to the Question] contains multiple answers (i.e., more than one value/formula/point/interval, etc.), the
content at the identified position must contain all answers simultaneously. Content that only includes part of the answers does not meet
the criteria.**

**Qutput Format:**
- If qualifying content exists, list all qualifying content in order of appearance as follows:

1. ANSWER location 1: [The first block of content that fully presents the answer (extracted single sentence or consecutive sentences from

the original text), **do not modify the language, structure, wording, etc. of the original text.**]<get_answer>

n. ANSWER location n: [The n-th block of content that fully presents the answer (extracted single sentence or consecutive sentences
from the original text), **do not modify the language, structure, wording, etc. of the original text.**]<get_answer>

- If no qualifying content exists, output:

[InputText does not contain content providing the final answer to the question]

**Input:+*

{InputText}

**Re-emphasizing: Whenever content identical to the [final answer] appears (ignoring LaTeX formatting and other non-mathematical
meaning differences), check whether the content at that position (which can be a single sentence or multiple consecutive sentences)
completely summarizes all answers to the question.**

**Qutput:*+

Figure 5: Prompt template used to locate correct answers in mathematical reasoning trajectories.
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rompt to locate correct answer in scientific task # 1

wnn

**Traverse the text in [InputText] and extract all text fragments that provide the exact complete [Standard Answer] to the [Question]. The
extracted text must meet the following requirements:**

- **Do not modify the original text**: When extracting, **must** use the exact words and sentences from the original text. Do not
rewrite, summarize, paraphrase, or alter any wording, structure, or format (including LaTeX formatting).

- **Must fully scan the entire [InputText]**: Refer to the [Standard Answer] of the original question, extract all content that provides the
standard answer to the question, and ensure no fragments containing the answer are omitted.

- =x|f the [Question] is a multiple-choice question and the [Standard Answer] is the correct option**: Identify the content corresponding
to the correct option in the question. As long as the complete content of the option is clearly mentioned in the input text (no need to
associate it with the option label), it is considered to provide the correct answer and needs to be extracted. **Note**: Merely listing the
[Standard Answer] or the content corresponding to the correct option without providing positive descriptions such as correctness,
affirmation, or potential correctness, or without deriving it through reasoning, analysis, or calculation, does not meet the requirements.

- **Must ignore differences in formats such as LaTeX**: Use the consistency of mathematical content as the judgment criterion. For
example, the coordinate (7,10) is equivalent to x=7,y=10, sqrt(5) is equivalent to V 5, and attention should be paid to differences in
interval openness/closedness (e.g., the interval (0, 1) is different from [0, 1)), etc.

- »*Complete matching**: The found text fragment (which may be a single sentence or consecutive sentences) must **completely**
contain the entire standard answer. If the answer includes multiple parts (such as multiple options, multiple values, multiple formulas,
multiple points, multiple intervals, etc.), the extracted fragment must **simultaneously contain all these parts**. Fragments that only
include part of the answer do not meet the requirements.

- **As long as content identical to the [Standard Answer] or the content corresponding to the option appears (ignoring non-
mathematical differences such as LaTeX formatting)**: Check whether the content at that position (which can be a single sentence or
consecutive sentences) accurately and completely presents the answer to the question. If yes, return the corresponding fragment
according to the following conditions:

- If the [Standard Answer] is a single element such as a single option, value, or formula, extract the sentence(s) that provide the answer
or the content corresponding to the option.

- If the [Standard Answer] contains multiple parallel elements such as multiple options, values, formulas, points, or intervals, extract
one or more consecutive sentences from the original text that together exactly and completely contain all answer elements or all content
corresponding to the options. (Note: The found content must include all provided answers; those containing only part of the answers do
not meet the conditions.)

**Output Format:x*
- If there is content that meets the requirements, list them in the order of appearance as follows:

1. ANSWER location 1: [The first content that fully presents the answer (a single sentence or consecutive sentences extracted from the
original text). When extracting, must use the exact words and sentences from the original text. Do not rewrite, summarize, paraphrase, or
alter any wording, structure, or format.]<get_answer>

n. ANSWER location n: [The nth content that fully presents the answer (a single sentence or consecutive sentences extracted from the
original text). When extracting, must use the exact words and sentences from the original text. Do not rewrite, summarize, paraphrase, or
alter any wording, structure, or format.]<get_answer>

- If there is no content that meets the requirements, output:

[The input text does not contain content that provides the final answer to the question]

**[Question]:**

{Question_text}

**[Standard Answer]:**

{Solution_text}

**[InputText]:**

{InputText}

**Note: Do not expand the input text; only search for all fragments that meet the requirements within [InputText].**

**Output:+x

Figure 6: Prompt template used to locate correct answers in scientific reasoning trajectories.
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Prompt to locate correct answer in scientific task # 2

**Traverse the text in [InputText] to find all complete and accurate text fragments that provide the exact complete [Standard Answer] to
the [Question].**

**Key Rules and Requirements:**

- **Do not modify the original text**: When extracting, must use the exact words and sentences from the original text. Do not rewrite,
summarize, paraphrase, or alter any wording, structure, or format (including LaTeX format).

- **Must fully scan the entire [InputText]+*: Refer to the standard answer of the original question, extract all content that provides the
standard answer to the question, and ensure no fragments containing the answer are omitted. Ensure no omissions. Ensure no omissions.
- »+|f the [Question] is a multiple-choice question and [Standard Answer] is the correct option**: Identify the content corresponding to

the correct option in the question. As long as the complete content of the option is clearly mentioned in the input text (no need to
associate it with the option label), it is considered to provide the correct answer. **Note**: Merely listing the [Standard Answer] or the
content corresponding to the correct option without providing descriptions such as correctness, affirmation, or potential correctness, or
without deriving it through reasoning, analysis, or calculation, does not meet the requirements.**

- **Must ignore differences in formats such as LaTeX**: Judge based on the consistency of mathematical content. For example, the
coordinate (7,10) is equivalent to x=7,y=10, sqrt(5) is equivalent to V 5, and note differences in interval openness and closedness (e.g., the
interval (0, 1) is different from [0, 1)), etc.

- »*Complete matching**: The found text fragment (which may be a single sentence or consecutive sentences) must **completely**
contain the entire standard answer. If the answer includes multiple parts (such as multiple options, multiple values, multiple formulas,
multiple points, multiple intervals, etc.), the extracted fragment must **simultaneously contain all these parts**, Fragments that only
include part of the answer do not meet the requirements.

- **As long as content identical to the [Standard Answer] or the content corresponding to the option appears (ignoring non-
mathematical differences such as LaTeX formatting)**: Check whether the content at that position (which can be a single sentence or
consecutive sentences) accurately and completely presents the answer to the question. If yes, return the corresponding fragment
according to the following conditions:

- If the [Standard Answer] is a single element such as a single option, value, or formula, extract the sentence(s) that provide the answer
or the content corresponding to the option.

- If the [Standard Answer] contains multiple parallel elements such as multiple options, values, formulas, points, or intervals, extract
one or more consecutive sentences from the original text that together exactly and completely contain all answer elements or all content
corresponding to the options. (Note: The found content must include all provided answers; those containing only part of the answers do
not meet the conditions.)

- »*Note: Content that fully presents the answer or the content of the correct option but does not explicitly confirm the correctness of
the answer (e.g., using ambiguous words such as "may," "not sure if correct,” "perhaps,” etc.) does not meet the requirements.**
**Output Format:**

- If there is content that meets the requirements, list them in the order of appearance as follows:

1. ANSWER location 1: [The first content that fully presents the answer (a single sentence or consecutive sentences extracted from the
original text). When extracting, must use the exact words and sentences from the original text. Do not rewrite, summarize, paraphrase, or
alter any wording, structure, or format.]<get_answer>

n. ANSWER location n: [The nth content that fully presents the answer (a single sentence or consecutive sentences extracted from the
original text). When extracting, must use the exact words and sentences from the original text. Do not rewrite, summarize, paraphrase, or
alter any wording, structure, or format.]<get_answer>

- If there is no content that meets the requirements, output:

[The input text does not contain content that provides the final answer to the question]

**[Question]:**

{Question_text}

**[Standard Answer]:**

{Solution_text}

**[InputText]:**

{InputText}

**Re-emphasize:**

- »For multiple-choice questions: If [InputText] contains the content corresponding to the standard correct option, it is also considered
to provide the correct answer to the question. Note: Content that fully presents the answer or the content of the correct option but does
not explicitly confirm that the answer is correct, meets the conditions, or is uncertain about its correctness (e.g., containing ambiguous
words such as "may," "perhaps,” etc.) does not meet the requirements.**

- **Note: Do not expand the input text; only search for all fragments that meet the requirements in [InputText].**

**Qutput:+*

Figure 7: Prompt template used to locate correct answers in scientific reasoning trajectories. No.2 prompt template
is more stringent than No.1 template and is suitable for identifying correct answers in reasoning trajectories where
the final answer is incorrect.
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xample of DS-1.5B # 1

There exist real numbers x and y, both greater than 1, such that \log _x\left
(y~x\right)=\log _y\left (x*{4y}\right)=10. Find xy.

<think>

Okay, so | have this problem here: There exist real numbers x and y, both greater than
1, such that log base x of (y"x) equals log base y of (x{4y}) equals 10. | need to find
the product xy.

Hmm, let me write down what | know. The equations given are:

log_x(y~x) = 10andlog_y(x"{4y}) = 10

| remember that log_b(a”*c) = ¢ * log_b(a), so maybe | can use that property to
simplify these equations.

Starting with the first equation: log_x(y"x) = x * log_x(y) = 10

Similarly, the second equation: log_y(x*{4y}) = 4y * log_y(x) = 10

So now | have:

1) x * log_x(y) = 102) 4y * log_y(x) = 10

Hmm, maybe | can express log_x(y) in terms of log_y(x). Since log_x(y) is the reciprocal
of log_y(x), right? Because log_x(y) = 1/ log_y(x). Let me denote log_y(x) as k for
simplicity. Then log_x(y) would be 1/k.

So substituting into equation 1: x * (1/k) = 10And equation 2: 4y * k = 10

So now | have:

From equation 1: x = 10kFrom equation 2: 4y * k = 10 => y = 10 / (4k) = 5/(2k)

So now | have x = 10k and y = 5/(2k)

Now, | need to find xy. Let's compute that:

Xy = (10k) * (5/(2K)) = (10 * 5) / (2) * (k / k) =50 / 2+ 1 = 25

So the product xy is 25.

*«Final Answer#+

\boxed{25}

</think>

Given the equations:

\[Nog_x(y~x) = 10\I\NMog_y(x~{4y}) = 10\]

We start by using the logarithm property \(\log_b(a”c) = ¢ \log_b(a)\). This transforms
the equations into:

1. \(x \log_x(y) = 10\)2. \(4y \log_y(x) = 10\)

Let \(k = \log_y(x)\). Then, \(\log_x(y) = \frac{1{k}\). Substituting these into the
equations, we get:

1. \(x \cdot \frac{1Kk} = 10 \implies x = 10k\)2. \(4y \cdot k = 10 \impliesy =
\frac{10H{4k} = \frac{SH{2k}\)

Now, we find the product \(xy\):

\[xy = (10k) \cdot \left(\frac{5}{2k}\right) = \frac{10k \cdot 5{2k} = \frac{5S0kH{2k} =
25\]

Thus, the product \(xy\) is \(\boxed{25}\)

Example of Yuan3.0 Flash # 1

Jen enters a lottery by picking 4 distinct numbers from S=\\{1,2,3,\\cdots ,9,10\\}. 4
numbers are randomly chosen from S. She wins a prize if at least two of her numbers
were 2 of the randomly chosen numbers, and wins the grand prize if all four of her
numbers were the randomly chosen numbers. The probability of her winning the grand
prize given that she won a prize is \\tfrac {m}n} where m and n are relatively prime
positive integers. Find m+n.

<think>

Okay, so | have this probability problem about Jen entering a lottery. Let me try to
understand it step by step.

Jen picks 4 distinct numbers from the set S = {1,2,3,...,9,10}. Then, 4 numbers are
randomly chosen from S. She wins a prize if at least two of her numbers are among the
randomly chosen numbers. She wins the grand prize if all four of her numbers are chosen.
We need to find the probability that she wins the grand prize given that she won a prize.
The answer should be in the form m/n where m and n are coprime, and then find m + n.
Hmm, so this is a conditional probability problem. The formula for conditional probability
is P(A|B) = P(A n B) / P(B). In this case, event A is winning the grand prize, and event B is
winning a prize. Since winning the grand prize is a subset of winning a prize, A N B is just
A. So, P(A|B) = P(A) / P(B).

First, | need to find P(A), the probability of winning the grand prize. That's the probability
that all four of her numbers are chosen. The total number of ways to choose 4 numbers
from 10 is C(10,4). The number of favorable outcomes is 1, since there's only one way to
choose all four numbers. So, P(A) = 1/ C(10,4).

Calculating C(10,4): 10! / (41 * (10-4)1) = (10%98+7)/(4*3+2%1) = 210. So, P(A) = 1/210.
Next, | need to find P(B), the probability of winning a prize, which is winning at least two
of her numbers. It might be easier to calculate the complementary probability (i.e., the
probability of winning fewer than two numbers) and subtract it from 1.

Winning fewer than two numbers means winning 0 or 1 number.

Calculating P(0 numbers): The number of ways to choose 4 numbers with none of Jen's.
Since she has 4 numbers, the remaining 6 numbers are chosen. So, C(6,4) = 15. So, P(0) =
15/ 210.

Calculating P(1 number): She chooses 1 number from her 4, and 3 from the remaining 6.
So, C(4,1)+C(6,3) = 4 * 20 = 80. So, P(1) = 80 / 210.

Therefore, P(B) = 1 - P(0) - P(1) = 1 - (15 + 80)/210 = 1 - 95/210 = (210 - 95)/210 =
115/210.

Simplify 115/210: Divide numerator and denominator by 5: 23/42. So, P(B) = 23/42.
Now, going back to the conditional probability: P(A|B) = P(A) / P(B) = (1/210) / (23/42).
Dividing fractions: (1/210) = (42/23) = (42)/(210%23). Simplify 42/210: divide numerator
and denominator by 42: 1/5. So, it becomes (1/5)/23 = 1/(5+23) = 1/115.

So, the probability is 1/115. Therefore, m = 1,n = 115,and m + n =1 + 115 = 116.
</think>

The probability of winning the grand prize given that she won a prize is
\boxed{116}.<|end_of sentence|><eod>

Figure 8: This example presents a reasoning trajectory
from the Deepseek-R1-Distill-1.5B model trained with
RIRM, based on a question from AIME 2024.

Example of DS-1.5B # 2

"Oh, | know you," the SRP says to the nascent chain as they meet in the cytosol. “Let me
grab you. I'll take you to the ER; you really need some sugar.”

"It seems somewhat rough. | guess this is goodbye; | won't see you anymore”, the protein
replies. Where is the protein headed?

A. to the proteasome.

B. to the extracellular space.

C. to apoptosis.

D. to the nucleus.

<think>

Okay, so I've got this question here, and I'm trying to figure out where the protein is
going. Let me read it again.

The question is about the SRP, which is the SRP-7 protein complex. It says, "Oh, | know
you,” to the nascent chain as they meet in the cytosol. "Let me grab you. I'll take you to
the ER; you really need some sugar.” Then the protein replies, "It seems somewhat rough.
| guess this is goodbye; | won't see you anymore.” The question is, where is the protein
headed?

The options are:

A. to the proteasome.

B. to the extracellular space.

C. to apoptosis.

D. to the nucleus.

Hmm, okay. | remember that the SRP-7 complex is involved in protein synthesis,
specifically in the translation of mRNA into proteins. It helps bring the mRNA to the ER
for processing.

So, the nascent chain is in the cytosol, which is the organelle where ribosomes are, right?
So when the SRP-7 complex arrives, it grabs the mRNA and brings it to the ER. In the ER,
the mRNA is processed, including the translation machinery, and then exported to the
Golgi apparatus, which is in the Golgi bag.

So, the protein itself, being the part of the ER, would be sent where? Well, the ER is part of
the cell membrane, which is the extracellular space. So the protein would go to the
extracellular space. That's option B.

Let me think about the other options. Option A, the proteasome. The proteasome is
involved in breaking down proteins, not in the synthesis or transport of proteins. So that's
probably not it. Option C, apoptosis. The SRP-7 isn't involved in cell death or apoptosis,
so that's out. Option D, the nucleus. The SRP-7 is in the cytoplasm, so it wouldn't go to
the nucleus, where proteins are transcribed.

So, putting it all together, the protein is heading to the extracellular space. So the answer
should be B.

</think>

The correct answer is B. to the extracellular space.

\boxed{B}

Figure 9: This example presents a reasoning trajectory
from the Deepseek-R1-Distill-1.5B model trained with
RIRM, based on a question from GPQA-Diamond.

Figure 10: This example presents a reasoning trajectory
from the Yuan3.0 Flash-SFT model trained with RIRM,
based on a question from AIME 2024.

Example of Yuan3.0 Flash # 2

Consider a system with Hamiltonian operator H = \\varepsilon \\vec
{\\sigma }.\\vec {n}. Here, \\vec {n} is an arbitrary unit vector,
\\varepsilon is a constant of dimension energy, and components of
\\vec {\\sigma } are the Pauli spin matrices. What are the eigenvalues
of the Hamiltonian operator?

A +1, -1.

B. + \\varepsilon , -\\varepsilon .

C. + \\sgrt [2] \\varepsilon , -\\sqrt [2]\\varepsilon .

D. 1/3\\varepsilon, 2/3\\varepsilon .

<think>

Okay, so | need to find the eigenvalues of the Hamiltonian operator
given by H = € 6 - n, where o is the Pauli matrices and n is a unit
vector. Hmm, let me think. | remember that the Pauli matrices are ox,
ay, 0z, and each has eigenvalues +1 and -1. But when you take a
linear combination like o - n, which is ox n_x + oy n_y + 0z n_z, the
eigenvalues of that combination are still 1, right? Because the Pauli
matrices are traceless and their eigenvalues are fixed. So multiplying
by a scalar g, which has dimension energy, the eigenvalues should
just scale by &. So the eigenvalues of H should be *¢. Let me check
the options. Option B is +& and -¢, which matches. The other options
don't make sense. Option A is +1 and -1, which would be the case if
€ was 1, but since ¢ is a general energy constant, the eigenvalues
should be scaled by €. So the correct answer must be B.

</think>

The Hamiltonian \( H = \varepsilon \vec{\sigma} \cdot \vec{n} \)
involves the Pauli matrices \(\vec{\sigma}\), which have eigenvalues
\(+1\) and \(-1\) when acting on any unit vector \(\vec{n}\).
Multiplying by the scalar \(\varepsilon\) scales these eigenvalues by
\(\varepsilon\), resulting in eigenvalues \(+\varepsilon\) and \(-
\varepsilon\).

*xAnswer:** \boxed{B}<|end_of_sentence|><eod>.

Figure 11: This example presents a reasoning trajectory
from the Yuan3.0 Flash-SFT model trained with RIRM,
based on a question from GPQA-Diamond.
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