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Abstract001

Large Reasoning Models (LRMs) achieve sig-002
nificant performance gains across various do-003
mains by extending the Chain-of-Thought004
(CoT) length during inference. However, they005
frequently exhibit a tendency toward overthink-006
ing—generating unnecessary reasoning steps007
after already reaching a correct answer—which008
undermines both efficiency and performance.009
To address this issue, we propose the Reflec-010
tion Inhibition Reward Mechanism (RIRM), a011
reinforcement learning-based method designed012
to suppress excessive post-answer reflection.013
Specifically, RIRM identifies the position of014
the first correct answer and subsequent reflec-015
tions within the CoT. It then optimizes a well-016
designed reward function that guides reinforce-017
ment learning toward accurate yet computa-018
tionally efficient reasoning. Extensive exper-019
iments on mathematical and scientific bench-020
marks show that RIRM reduces token consump-021
tion by up to 69.06% while improving accu-022
racy by up to 11.37 percentage points, yielding023
a more favorable efficiency–accuracy tradeoff.024
Code will be released shortly.025

1 Introduction026

Large Reasoning Models (LRMs)—such as Ope-027

nAI’s o1 (OpenAI, 2024), DeepSeek-R1 (Guo et al.,028

2025), QwQ (Team, 2025), and Kimi-k1.5 (Team029

et al., 2025)—have demonstrated strong reasoning030

capabilities on complex tasks through Test-Time031

Scaling (TTS). By dynamically allocating addi-032

tional computation during inference, these mod-033

els generate extended Chain-of-Thought (CoT) se-034

quences, leading to notable improvements on chal-035

lenging mathematical and logical benchmarks.036

As research deepens, extensive work (Qu et al.,037

2025) reveals a critical limitation of LRMs: over-038

thinking. After arriving at a correct solution, these039

models persistently generate verbose, repetitive,040

or irrelevant reasoning steps. This behavior not041

only wastes computational resources but can also042

(a) Accuracy (b) Length

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) 043

characterize overthinking as a state in which mod- 044

els expend substantial computation on intermediate 045

steps with diminishing marginal returns. Subse- 046

quent work by Wei et al. (2025) and Zhao et al. 047

(2025) further shows that such redundancy typi- 048

cally occurs after the first correct answer, where 049

models enter cycles of repetitive verification. 050

From a reinforcement learning perspective, over- 051

thinking arises from a mis-specified reward signal 052

and imperfect credit assignment along the reason- 053

ing trajectory. Standard training objectives primar- 054

ily reward final answer correctness, providing little 055

supervision on when the model should stop reason- 056

ing. Consequently, reasoning steps generated after 057

the first correct answer are not penalized and can 058

even accumulate positive reward through spurious 059

correlations with success, leading to reward hack- 060

ing in the form of excessive reflection. This sug- 061

gests that incorporating trajectory-level awareness 062

into reward design can help differentiate solution- 063

relevant reasoning from post-answer reflection, en- 064

abling more efficient inference-time computation. 065

To address this reward misalignment, we pro- 066

pose a Reflection Inhibition Reward Mechanism 067

(RIRM) that explicitly regulates reasoning trajec- 068

tories by penalizing redundant post-answer reflec- 069
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tion. The core idea of RIRM is to provide fine-070

grained, trajectory-level reward signals that distin-071

guish solution discovery from unnecessary verifica-072

tion, thereby improving credit assignment during073

policy optimization. Concretely, RIRM identifies074

two critical positions in CoT: (i) the step where the075

correct answer first emerges, and (ii) the boundary076

of subsequent reflection steps. Based on these po-077

sitions, the reasoning trajectory is evaluated along078

three dimensions: successful identification of the079

first correct answer, the extent of post-answer re-080

flection, and final answer correctness. These crite-081

ria are combined into a unified reward signal that082

guides reinforcement learning toward accurate yet083

computation-efficient reasoning.084

Experiments conducted on DeepSeek-R1-Distill-085

Qwen-1.5B (Guo et al., 2025) and Yuan3.0 Flash-086

SFT (Wu et al., 2026) across mathematical and087

scientific reasoning benchmarks (Figure 1) show088

that RIRM reduces token length by up to 69.06%089

while improving accuracy by up to 11.37 percent-090

age points. These results indicate that RIRM ef-091

fectively mitigates overthinking, enhances baseline092

performance and generalizes across model scales.093

In summary, our contributions are threefold:094

• We provide a systematic analysis of the rea-095

soning trajectories of large reasoning models096

and identify redundant post-answer reflection097

as the primary cause of overthinking.098

• We propose a novel Reflection Inhibition Re-099

ward Mechanism (RIRM), which identifies100

the first correct answer and subsequent reflec-101

tion steps, and designs a three-dimensional102

reward for end-to-end optimization under the103

RLVR framework.104

• Extensive experiments across multiple base105

models and diverse reasoning tasks demon-106

strate that RIRM effectively reduces over-107

thinking and advances a practical paradigm108

for efficient reasoning in LRMs.109

2 Related Work110

Large Reasoning Models (LRMs), such as Ope-111

nAI’s o1 (OpenAI, 2024), DeepSeek-R1 (Guo et al.,112

2025), and Kimi-k1.5 (Team et al., 2025), em-113

ploy reinforcement learning with verifiable rewards114

(RLVR) to produce extended reasoning chains.115

However, RLVR tends to encourage models to gen-116

erate redundant reasoning steps—a phenomenon117

known as overthinking—thereby consuming unnec- 118

essary computational resources and potentially de- 119

grading performance. Existing research addressing 120

overthinking can be categorized into the following 121

three types (Sui et al., 2025). 122

Prompt-Based Optimization. Prompt-based op- 123

timization guides LRMs toward more concise an- 124

swers via engineered prompts (Huang et al., 2025; 125

Xu et al., 2025; Han et al., 2025). While straightfor- 126

ward, their effectiveness relies heavily on prompt 127

design, and imposed length constraints often com- 128

promise reasoning accuracy. 129

Inference-Time Reasoning Control. Reasoning 130

output optimization intervenes during inference to 131

induce early termination (Wei et al., 2025; Fan 132

et al., 2025; Yang et al., 2025b). These methods, 133

however, depend on heuristic rules that may lack 134

generality, fail to resolve overthinking fundamen- 135

tally, and risk interrupting valid reasoning chains. 136

Post-Training Optimization. Post-training 137

methods can be categorized into supervised 138

fine-tuning (SFT) and reinforcement learning 139

(RL). SFT-based methods instill efficient reasoning 140

capabilities by training on short-chain-of-thought 141

datasets (Ma et al., 2025; Ye et al., 2025; Yu et al., 142

2025a; Zhao et al., 2025; Liu et al., 2025) but 143

they rely on high-quality curated data and often 144

generalize poorly across diverse tasks. RL-based 145

methods typically incorporate explicit length 146

penalties (Team et al., 2025; Shen et al., 2025; 147

Yeo et al., 2025; Cheng et al., 2025), length-aware 148

rewards (Arora and Zanette, 2025; Yi et al., 2025; 149

Tu et al., 2025), or complex stepwise verification 150

mechanisms (Yue et al., 2025). However, these 151

strategies tend either to oversimplify the optimiza- 152

tion objective or to incur high computational cost 153

and low training efficiency. 154

Different from prior work, we identify over- 155

thinking as primarily arising from redundant post- 156

answer verification—where models continue rea- 157

soning even after the first correct answer has 158

emerged. Building on this insight, we propose the 159

Reflection Inhibition Reward Mechanism (RIRM). 160

Experiments demonstrate that RIRM achieves up 161

to 69.09% token compression while preserving ac- 162

curacy, with training efficiency substantially ex- 163

ceeding that of existing methods. 164
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3 Methodology165

3.1 LRM Reasoning Process Analysis166

In complex reasoning tasks, particularly in math-167

ematical and scientific domains, large reasoning168

models (LRMs) exhibit pronounced overthinking169

behavior. As illustrated in Figure 2(a), even af-170

ter producing a correct answer, these models fre-171

quently continue generating reasoning steps in172

repetitive self-verification loops, a phenomenon173

commonly referred to as reflection. Empirical174

analysis on the DeepSeek-R1-Distill-Qwen-1.5B175

and DeepSeek-R1 models across the AIME 2024176

and MATH-500 benchmarks reveals that a substan-177

tial portion of inference-time computation—up to178

71.6% of total tokens—is consumed during this179

post-answer reflection stage (Figure 2(b)).180

These findings suggest that mitigating overthink-181

ing is fundamentally a problem of regulating the182

reasoning trajectory rather than merely shorten-183

ing outputs. In particular, effective control re-184

quires identifying the first correct answer—the185

earliest point at which the model reaches a valid186

solution—and distinguishing solution-critical rea-187

soning from subsequent post-answer reflection.188

Without such differentiation, redundant verification189

steps are treated on par with productive reason-190

ing and continue to accumulate computation. This191

motivates a mechanism that explicitly suppresses192

unproductive reflection after solution discovery, en-193

abling models to terminate reasoning in a princi-194

pled manner while preserving correctness. Such195

trajectory-aware control naturally aligns inference-196

time computation with task-level utility and forms197

the basis of our proposed Reflection Inhibition Re-198

ward Mechanism (RIRM). Figure 3 illustrates the199

workflow of RIRM, which consists of two main200

processes: Correct Answers Identification and Re-201

ward Calculation. These will be detailed below.202

3.2 Reflection Inhibition Reward Mechanism203

Correct Answers Identification. To suppress204

overthinking in a principled manner, it is essential205

to explicitly model the internal structure of the rea-206

soning trajectory generated by LRMs, i.e., the con-207

tent enclosed between the <think> and </think>208

tags. In particular, effective reward assignment209

requires precise identification of two critical com-210

ponents: (1) the earliest step at which the model211

first arrives at a correct solution, referred to as212

the first correct answer, and (2) the boundaries213

of subsequent reflection steps that occur after this 214

point. Distinguishing these stages is crucial for 215

separating solution-critical reasoning from redun- 216

dant post-answer verification, which underlies the 217

overthinking phenomenon. 218

To achieve robust and scalable segmentation of 219

reasoning trajectories, we adopt a fixed-window 220

text segmentation strategy combined with exter- 221

nal model-assisted annotation. This design is mo- 222

tivated by two considerations. First, reasoning 223

chains in LRMs can be long and structurally un- 224

regularized, making rule-based parsing brittle and 225

unreliable. Second, directly annotating step-level 226

correctness within a single long sequence is chal- 227

lenging due to context dilution and error accumu- 228

lation. Segmenting the reasoning text into fixed- 229

length windows enables localized analysis while 230

preserving the temporal order of reasoning steps. 231

The annotation workflow proceeds as follows: 232

(1) Text Segmentation. The reasoning text is 233

split into consecutive, non-overlapping segments of 234

fixed length (e.g., 1000 characters). Each segment 235

is processed sequentially to maintain the original 236

reasoning order. (2) External Model Annotation. 237

Each segment, together with the original question 238

and its ground-truth answer, is provided to an exter- 239

nal reasoning-capable model. Guided by explicit 240

prompt instructions, the external model determines 241

whether the segment contains a valid occurrence of 242

the correct answer. If a segment contains n such 243

occurrences, the model outputs n corresponding 244

statements, and a </verify> tag is appended after 245

each statement containing the correct answer. (3) 246

Tag Conversion. After all segments are annotated, 247

the earliest </verify> tag in the reconstructed rea- 248

soning sequence is replaced with <1st_answer>, 249

marking the position of the first correct answer. 250

This procedure yields a structured and unam- 251

biguous annotation of the reasoning trajectory: the 252

<1st_answer> tag identifies the transition point 253

from solution discovery to post-answer reason- 254

ing, while subsequent </verify> tags delineate 255

the boundaries of reflection intervals. Such fine- 256

grained structural annotations provide a reliable 257

operational basis for computing reflection-aware 258

reward signals in RIRM. Detailed prompt templates 259

used for external model annotation are provided in 260

the Appendix C. 261

Reward Calculation. After annotating the 262

<1st_answer> and </verify> tags in the reason- 263

ing process, we compute the Reflection Inhibition 264
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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-265

vision for reinforcement learning. To enable ef-266

fective credit assignment, R is decomposed into267

three complementary components: Rans, indicat-268

ing whether the first correct answer is successfully269

identified; Rver, measuring the appropriateness of270

post-answer reflection; and Racc, capturing final271

answer correctness. This decomposition explicitly272

separates solution discovery, reflection control, and273

task success, thereby aligning reasoning efficiency274

with task-level utility.275

If the <1st_answer> tag is missing, the rea-276

soning trajectory is treated as invalid, as the277

model either fails to reach a correct solution or278

produces unstructured output. In this case, we279

uniformly penalize the trajectory by assigning280

[Rans = −1, Rver = −1, Racc = −1]. If the281

reasoning process terminates immediately after282

the <1st_answer> tag—i.e., the output contains283

</think> but no </verify>—the model correctly284

stops reasoning upon solution discovery. In this285

case, reflection behavior is considered optimal, and286

we set Rver = Racc, yielding [Rans = 1, Rver =287

Racc, Racc]. If the <1st_answer> tag appears but288

the output lacks the closing </think> tag, indicat-289

ing incomplete or truncated reasoning, we assign290

[Rans = 1, Rver = −1, Racc = −1].291

When both <1st_answer> and one or more292

</verify> tags are present, we assign [Rans =293

1, Rver, Racc], where Rver is determined by the 294

number of reflection steps. Let v denote the number 295

of </verify> tags. To account for task difficulty 296

and answer ambiguity, we estimate the empirical 297

pass rate p over G sampled responses for the same 298

prompt, 299

p =
1

G

G∑
i=1

I(R(i)
acc = 1). 300

When p ≥ 50%, fixed reflection bounds Vmin = 2 301

and Vmax = 10 are applied, reflecting that exces- 302

sive verification is unlikely to be beneficial for rel- 303

atively easy problems. When p < 50%, adaptive 304

bounds are defined using the observed minimum 305

and maximum numbers of </verify> tags among 306

correct responses, allowing additional reflection for 307

more challenging cases. 308

The reflection reward is computed as 309

Rver(v) =

1, if v ≤ Vmin,

1− (v−Vmin)
(Vmax−Vmin)

, if Vmin < v ≤ Vmax,

0, if Vmax < v.

310

This piecewise formulation softly penalizes exces- 311

sive reflection rather than imposing a hard cutoff, 312

reducing the risk of suppressing necessary reason- 313

ing. When v = 0, we set Rver = Racc to avoid 314

penalizing trajectories that correctly terminate im- 315

mediately after solution discovery. If Vmax ≤ 2, 316

we directly set Rver = 1 to prevent degenerate 317
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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 description318

of Rver computation is provided in Appendix A.319

Finally, the overall Reflection Inhibition Reward320

is defined as the sum of the three components,321

R = Rans +Rver +Racc.322

This unified reward balances answer correctness323

and reasoning efficiency, guiding the model to sup-324

press redundant post-answer reflection while pre-325

serving solution-critical reasoning.326

4 Experiments327

4.1 Experiments Setup328

Models. We use Deepseek-R1-Distill-Qwen-329

1.5B (Guo et al., 2025) and Yuan3.0 Flash-SFT330

(Wu et al., 2026) as base models. These two rep-331

resentative LRMs have demonstrated strong per-332

formance in mathematical and scientific reasoning333

tasks.334

Dataset. For mathematical training, we use335

the OpenMathReasoning dataset (Moshkov336

et al., 2025); for scientific training, the337

Nemotron-Science-v1 dataset (Corporation,338

2025) and the physics, chemistry, and biology339

subsets of the CAMEL dataset (Li et al., 2023)340

are employed. We exclude binary-choice,341

multiple-choice, multi-part, formal-proof, and342

open-ended questions, retaining only algorithmi-343

cally parsable numerical problems. To prevent344

data leakage, similarity-based deduplication345

is applied against the benchmarks included in346

the present study—AIME 2024, MATH-500, 347

GPQA-Diamond, MMLU, and MMLU_Pro. 348

After this process, a total of 60K high-quality 349

mathematical training samples and 40K scientific 350

training samples are obtained. 351

Evaluation and Metrics. Our evaluation uses 352

mathematical and scientific reasoning bench- 353

marks: AIME 2024, MATH-500, GPQA-Diamond, 354

MMLU, and MMLU_Pro. We adopt an infer- 355

ence length limit of 24,576 tokens (beyond the 356

16,384-token training limit) to avoid truncation. 357

Hyperparameters follow DeepSeek-R1 (tempera- 358

ture=0.6, top-p=0.95). Metrics are the average 359

pass@1 over N runs, with N=1 for MMLU and 360

MMLU_Pro, 8 for MATH-500, and 64 for AIME 361

and GPQA-Diamond to control variance. 362

We consider Accuracy(Acc), Token Length(Tok) 363

and Accuracy-Efficiency Score(AES) as evaluation 364

metrics. Accuracy denote the final answer accu- 365

racy, we report the pass@1 performance. Token 366

Length denote the average output length per sample 367

in each benchmark. Accuracy–Efficiency Score is 368

a composite metric which balances output brevity 369

against answer accuracy (Luo et al., 2025). It re- 370

wards models that maintain high accuracy while 371

reducing output length, with higher values reflect- 372

ing a more favorable balance. See Appendix B for 373

its formal definition and hyperparameters. 374

Implementation Details. Our method is imple- 375

mented on the VeRL framework (Sheng et al., 376

2025), with the RIRM built upon the DAPO algo- 377
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rithm; this implementation is referred to as RIRM-378

DAPO in the paper. During training, we sample 8379

rollouts per instance with temperature 1.0 and top-p380

1.0, and disable the length penalty typically used381

in DAPO. We use a batch size of 512, a mini-batch382

size of 64, an output length limit of 16K tokens,383

and a fixed learning rate of 1e-6 for Deepseek-R1-384

Distill-Qwen-1.5B and 5e-7 for Yuan3.0 Flash-SFT.385

The mathematical task is trained for 1 epoch, and386

the scientific task for 2 epochs. All other hyperpa-387

rameters follow the original DAPO configuration.388

For the Deepseek-R1-Distill-Qwen-1.5B model,389

training is performed on 8 nodes, each equipped390

with 8 GPUs. The mathematical task requires ap-391

proximately 19.77 hours, and the scientific task392

27.67 hours. For the Yuan3.0 Flash-SFT model,393

we use 32 nodes (8 GPUs per node), with training394

times of about 33.65 hours and 30.28 hours for the395

mathematical and scientific tasks, respectively. We396

employ the Qwen3-32B model (Yang et al., 2025a)397

as an external model to annotate the <1st_answer>398

and </verify> tags. For the Deepseek-R1-Distill-399

Qwen-1.5B experiment, its inference runs on an ad-400

ditional 8 nodes (8 GPUs per node); for the Yuan3.0401

Flash-SFT experiment, inference is conducted on402

an additional 16 nodes of the same configuration.403

Baselines. We compare RIRM-DAPO with the404

following representative efficient reasoning meth-405

ods. (1) Deepseek-R1-Distill-Qwen-1.5B (Guo406

et al., 2025): Model obtained by distillation from407

the Qwen2.5-1.5B model using larger DeepSeek-408

R1 models. (2) Yuan3.0 Flash-SFT (Wu et al.,409

2026): A 40B MoE model (3.7B activated) op-410

timized for enterprise use. Its SFT version inte-411

grates high-quality data that unifies deep-thinking412

and fast-thinking paradigms. (3) DAPO (Yu et al.,413

2025b): In the DAPO experiments, we apply its414

built-in Soft Overlong Punishment to control out-415

put length, with the output limit set to 16,384 to-416

kens and a punishment interval of 4,096 tokens. (4)417

VSRM-PPO (Yue et al., 2025): VSRM introduces418

a verifiable stepwise reward mechanism that as-419

signs stepwise rewards to specific positions based420

on the performance of intermediate states along421

the reasoning trajectory. Like RIRM, it is a reward422

mechanism designed for the reasoning process. We423

therefore include it as a key baseline for compari-424

son with our method. To ensure a fair comparison,425

all experiments are conducted using the same train-426

ing dataset and trained for the same number of427

epochs. For DAPO and VSRM-PPO, we report the428

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”.

Methods AIME 2024 MATH-500

Acc↑ Tok↓ AES↑ Acc↑ Tok↓ AES↑

Deepseek-R1-Distill-Qwen-1.5B

Base 27.45 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 31.45 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. 429

4.2 Main Results 430

As shown in Table 1, we conduct a comparison 431

among RIRM-DAPO, DAPO, and VSRM-PPO on 432

mathematical benchmarks. Built upon DeepSeek- 433

R1-Distill-Qwen-1.5B, RIRM-DAPO yields a sub- 434

stantially greater reduction in output length on both 435

AIME 2024 and MATH-500 than both VSRM-PPO 436

and DAPO. Notably, on MATH-500, the output 437

length is reduced from 5,227 to 1,877 tokens, cor- 438

responding to a 64.09% decrease. When Yuan3.0 439

Flash-SFT is used as the base model, RIRM-DAPO 440

consistently reduces output length on AIME 2024 441

and MATH-500 and improves accuracy on AIME 442

2024 by 11.37 pp over the base model. Across all 443

mathematical benchmarks and base models, RIRM- 444

DAPO achieves substantially higher Accuracy- 445

Efficiency Scores (AES) than the other methods. 446

Similar trends are observed in Table 2 on sci- 447

entific benchmarks. With DeepSeek-R1-Distill- 448

Qwen-1.5B as the base model, RIRM-DAPO sig- 449

nificantly compresses output length across all tasks, 450

outperforming VSRM-PPO and DAPO, while 451

consistently improving accuracy over the base 452

model. On MMLU_Pro, accuracy increases by 5.1 453

pp. When Yuan3.0 Flash-SFT is adopted, RIRM- 454

DAPO achieves greater output length reduction 455

than DAPO while maintaining comparable accu- 456

racy improvements. The most pronounced reduc- 457

tion occurs on GPQA-Diamond, where the out- 458

put length decreases from 10,337 to 3,198 tokens 459

(69.06%). Across all scientific benchmarks, RIRM- 460

DAPO consistently attains the highest AES. 461

Overall, these results indicate that RIRM-DAPO 462

effectively eliminates redundant reflection steps 463
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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↑ Tok↓ AES↑ Acc↑ Tok↓ AES↑ Acc↑ Tok↓ AES↑
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-464

off, demonstrating its effectiveness in mitigating465

the overthinking problem.466

4.3 Ablation Study467

Based on the DeepSeek-R1-Distill-Qwen-1.5B468

model, we design ablation studies to evaluate the469

contribution of each component in RIRM. All ex-470

periments are trained for 1 epoch on mathematical471

data and are evaluated on AIME 2024 and MATH-472

500 benchmarks. The results are summerized in473

Table 3.474

Effect of Reflection-Count Penalty Boundaries.475

To examine the effect of the reflection-count476

penalty boundaries, we perform an ablation com-477

paring three configurations: (1) applying fixed478

boundaries (Vmin = 2, Vmax = 10) to all samples;479

(2) using only sample-wise statistically determined480

dynamic boundaries; and (3) removing the mini-481

mum upper-bound constraint from RIRM-DAPO482

(i.e., “If Vmax ≤ 2, Rver = 1.”) As shown in Table483

3, the fixed-boundary configuration strikes a good484

balance between accuracy and length reduction, but485

it tends to over-suppress reflections on harder prob-486

lems, causing a slight accuracy drop. The fully dy-487

namic boundaries yield substantial length reduction488

at the cost of severe accuracy degradation, as they489

penalize reasonable reflection steps even on eas-490

ier samples. Removing the minimum upper-bound491

constraint results in higher penalties for difficult492

samples—whose reflection counts have become493

low and concentrated in later training—which in494

turn encourages longer outputs and increases over-495

all length. These observations confirm that our pro-496

posed boundary-selection mechanism effectively497

balances accuracy and efficiency in most scenarios.498

Effect of the Pass-Rate Threshold To validate499

the effectiveness of the pass-rate threshold, we ex-500

amine how different threshold values affect model 501

accuracy and output length compression. We adjust 502

the original 50% threshold in RIRM to 40% and 503

60% for comparison; results are shown in Table 3. 504

Both higher and lower thresholds degrade perfor- 505

mance. When the threshold is set to 40% or 60%, 506

an imbalance in reward signals prevents sufficient 507

reflection inhibition for many samples, which in 508

turn reduces both length compression and accuracy. 509

Effect of the sample range for determining dy- 510

namic bounds In the calculation of dynamic up- 511

per and lower bounds for RIRM, we count only 512

the number of </verify> tags from positive sam- 513

ples. Table 3 examines the effect on accuracy 514

and length compression when the bounds are in- 515

stead computed using </verify> counts from all 516

samples—both positive and negative. Experiments 517

show that including negative samples makes the 518

reflection-inhibition penalty overly lenient for sam- 519

ples with lower pass rates. This leads to insuf- 520

ficient compression of output length, inflates the 521

final reward, and consequently hinders accuracy 522

improvement. 523

4.4 Analysis of reflection inhibition impact 524

Figure 4(a) illustrates that after RIRM training, the 525

DeepSeek-R1-Distill-Qwen-1.5B model learns to 526

halt reasoning naturally once the correct answer is 527

reached (marked in blue), thereby sharply reducing 528

subsequent reflection steps. Additional examples 529

are provided in the Appendix. To quantify the im- 530

provement in reasoning efficiency brought by the 531

RIRM, we evaluate the RIRM trained DeepSeek- 532

R1-Distill-Qwen-1.5B model on the AIME 2024 533

and MATH-500 benchmarks. The results show 534

a pronounced compression in output length com- 535

pared to the baseline. As seen in Figure 4(b), the 536

fraction of tokens generated after the first correct 537
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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↑ Tok↓ AES↑ Acc↑ Tok↓ AES↑ Acc↑ Tok↓ AES↑
Base 27.45 17514 - 82.89 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 32.34 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

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-R1-Distill-Qwen-1.5B before and after training with RIRM on the AIME 2024 and
MATH-500 benchmarks.

answer—which corresponds to reflection steps—is538

markedly reduced. Specifically, on AIME 2024539

this portion drops from 45.5% to 11.3%, and on540

MATH-500 from 65.6% to 17.2%. Together, these541

findings indicate that the RIRM effectively sup-542

presses redundant reflections, producing more con-543

cise and computationally efficient reasoning trajec-544

tories without compromising final accuracy.545

5 Conclusion546

In this work, we introduce the Reflection Inhibi-547

tion Reward Mechanism (RIRM) to address the548

overthinking problem in large reasoning models.549

By precisely identifying the initial correct answer550

and subsequent redundant reasoning steps, RIRM551

evaluates reasoning trajectories against three well-552

defined criteria and utilizes a unified reward signal553

to guide policy optimization during reinforcement554

learning. Extensive experiments show that RIRM 555

significantly reduces token consumption without 556

sacrificing accuracy across multiple mathematical 557

and scientific reasoning benchmarks. The approach 558

yields marked gains in efficiency while maintaining 559

or even improving predictive performance, thereby 560

establishing a new paradigm to balance computa- 561

tional cost and reasoning quality in large reasoning 562

models. 563

Limitations 564

While our proposed Reflection Inhibition Reward 565

Mechanism (RIRM) shows promise in mitigating 566

overthinking, several important directions remain 567

for future work. First, to improve the generaliz- 568

ability and robustness of the reward signal, we 569

intend to explore self-supervised alternatives that 570

reduce reliance on external models for annotation. 571

8



Second, although RIRM performs well on math-572

ematical and scientific reasoning benchmarks, its573

efficacy should be further validated in more open-574

ended, multimodal, or subjectively evaluated do-575

mains, where reasoning patterns may differ sig-576

nificantly. Future efforts will therefore focus on577

developing lightweight training paradigms and con-578

ducting broader domain validation to enhance the579

practicality and applicability of the RIRM frame-580

work.581

·582
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A Pseudocode of the Algorithm737

Algorithm 1 Calculation of Rver

Input:
acc_score: accuracy of the response
marked_txt: annotated reasoning process
Vmin: lower bound of </verify> counts
Vmax: upper bound of </verify> counts

Output:
Total verification reward Rver

v ← marked_txt.count(’</verify>’)
if v = 0.0 then

Rver ← acc_score
else if Vmax ≤ 2 then

Rver ← 1.0

else
if 0 < v ≤ Vmin then

Rver ← 1.0

else if Vmin < v ≤ Vmax then
Rver ← 1− v−Vmin

Vmax−Vmin

else
Rver ← 0.0

return Rver

B Accuracy-Efficiency Score (AES)738

The Accuracy–Efficiency Score (AES) (Luo et al.,739

2025) is a composite metric that assesses whether740

a model can reduce its output length without com-741

promising accuracy. It is defined as:742

AES =743 {
ϕ ·∆Length + η · |∆Acc|, if ∆Acc ≥ 0

ϕ ·∆Length− θ · |∆Acc|, if ∆Acc < 0

(1)

744

where

∆Length =
Lengthbase − Lengthmodel

Lengthbase

and
∆Acc =

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 ϕ weights length reduction, η ewards
accuracy gains, and θ enalizes accuracy losses. In

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

ϕ = 1, η = 3, θ = 5

Setting θ > η, imposes a stronger penalty for accu- 745

racy loss than the reward for accuracy gain, align- 746

ing with the practical preference for avoiding per- 747

formance deterioration. 748

C Prompts to Locate Correct Answer 749

This section presents the prompt templates used to 750

locate correct answers within reasoning trajectories. 751

The template in Figure 5 is employed for mathe- 752

matical tasks, while those in Figure 6 and Figure 753

7 are used for scientific tasks. The second prompt 754

template in Figure 7 is more stringent than the one 755

in Figure 6, making it particularly suitable for iden- 756

tifying correct answers in reasoning trajectories 757

where the final answer is incorrect. 758

D Examples of Reasoning Trajectories 759

This section showcases reasoning trajectories gen- 760

erated by the Deepseek-R1-Distill-Qwen-1.5B and 761

Yuan3.0 Flash-SFT models after RIRM training. 762

The examples, Figure 8 to Figure 11 are selected 763

from the AIME 2024 and GPQA-Diamond evalu- 764

ation datasets, illustrate that the models maintain 765

fluent and coherent reasoning paths. Notably, the 766

occurrence of reflection steps remains infrequent, 767

and once a correct answer is reached, the reasoning 768

process tends to terminate naturally. 769
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Figure 5: Prompt template used to locate correct answers in mathematical reasoning trajectories.
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Figure 6: Prompt template used to locate correct answers in scientific reasoning trajectories.
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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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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.

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.

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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