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Abstract001

Large reasoning models (LRMs) have achieved002
remarkable performance in complex reasoning003
tasks, driven by their powerful inference-time004
scaling capability. However, LRMs often suffer005
from overthinking, which results in substantial006
computational redundancy and significantly re-007
duces efficiency. Early-exit methods aim to mit-008
igate this issue by terminating reasoning once009
sufficient evidence has been generated, yet ex-010
isting approaches mostly rely on handcrafted or011
empirical indicators that are unreliable and im-012
practical. In this work, we introduce Dynamic013
Thought Sufficiency in Reasoning (DTSR),014
a novel framework for efficient reasoning that015
enables the model to dynamically assess the016
sufficiency of its chain-of-thought (CoT) and017
determine the optimal point for early exit. In-018
spired by human metacognition, DTSR oper-019
ates in two stages: (1) Reflection Signal Mon-020
itoring, which identifies reflection signals as021
potential cues for early exit, and (2) Thought022
Sufficiency Check, which evaluates whether the023
current CoT is sufficient to derive the final an-024
swer. Experimental results on the Qwen3 mod-025
els show that DTSR reduces reasoning length026
by 28.9%–34.9% with minimal performance027
loss, effectively mitigating overthinking. We028
further discuss overconfidence in LRMs and029
self-evaluation paradigms, providing valuable030
insights for early-exit reasoning.031

1 Introduction032

The success of large reasoning models (LRMs),033

such as OpenAI’s o1/o4 (OpenAI, 2024, 2025),034

Gemini 2.5 Pro (Comanici et al., 2025), DeepSeek-035

R1 (Guo et al., 2025), and Qwen3 (Yang et al.,036

2025a), represents a significant breakthrough in the037

evolution of LLMs. LRMs engage in long chain-of-038

thought (CoT) reasoning before producing answers.039

The inference-time scaling capability (Chen et al.,040

2025a; Ji et al., 2025) allows them to achieve re-041

markable performance in challenging reasoning042

tasks (e.g. mathematics, programming, and sci- 043

entific question answering), and show human-like 044

reasoning patterns, such as problem decomposition, 045

verification and backtracking. 046

Nevertheless, recent studies (Chen et al., 2025b; 047

Cuadron et al., 2025) have shown that LRMs often 048

suffer from overthinking: even on simple prob- 049

lems, they tend to consume excessive tokens by re- 050

peatedly verifying answers or exploring alternative 051

strategies after reaching the correct solution. Such 052

redundant reasoning is unnecessary and leads to in- 053

efficiency. To address this, several prior works have 054

proposed early-exit strategies that stop the reason- 055

ing process once the LRM has generated sufficient 056

evidence to solve the problem. The main challenge 057

of early-exit strategies is to determine the optimal 058

exit point, where LRMs achieve near-lossless per- 059

formance with minimal reasoning cost. Dynasor- 060

CoT (Fu et al., 2025) first employs the consistency 061

of intermediate answers to determine when to exit 062

reasoning; however, it still generates additional to- 063

ken intervals after producing the correct answer 064

to verify its correctness, thereby missing the op- 065

timal exit point. DEER (Yang et al., 2025b) and 066

CGRS (Huang et al., 2025) employ the entropy of 067

the intermediate result as a confidence measure to 068

determine whether LRMs reach the optimal exit 069

point. Nevertheless, using answer confidence as a 070

criterion for reasoning exit is not always reliable, 071

as reasoning models can exhibit overconfidence 072

even when their answers are incorrect (Mei et al., 073

2025). Moreover, such methods that rely on prob- 074

ing intermediate answers are limited to tasks with 075

short, fixed-format answers. For tasks involving 076

long answers or open-ended generation without a 077

definitive answer, intermediate answers are difficult 078

to extract, rendering these methods impractical. 079

To overcome these limitations, this work aims to 080

establish a reliable and generalizable criterion for 081

early-exit. Unlike LLM reasoning, human cogni- 082

tion involves metacognitive (Flavell, 1979; Fleur 083
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et al., 2021) abilities, which allow people to mon-084

itor, evaluate, and regulate their thoughts, and to085

stop thinking once the process is deemed sufficient.086

Inspired by this, we wonder whether LRMs can087

similarly determine the optimal point to exit rea-088

soning by continuously assessing the sufficiency089

of their current thoughts? To answer this, we pro-090

pose Dynamic Thought Sufficiency in Reasoning091

(DTSR), a novel framework that enables models092

to dynamically evaluate whether their current CoT093

is sufficient to solve the problem. DTSR consists094

of two stages: 1) Reflection Signal Monitoring:095

LRMs often exhibit reflective behaviors after pro-096

ducing an answer, typically triggered by specific097

reflection signals. We identify these signals as po-098

tential exit points for reasoning. 2) Thought Suffi-099

ciency Check: once a reflection signal is detected,100

the model evaluates the sufficiency of its current101

reasoning. If the sufficiency score is high, reason-102

ing stops and the solution is output; otherwise, the103

model continues along the reasoning path until the104

next reflection signal occurs.105

To evaluate the effectiveness of our proposed106

method, we conducted extensive experiments107

across multiple LRMs. The results show that DTSR108

significantly outperforms baseline approaches,109

achieving a favorable balance between accuracy110

and efficiency. This also demonstrates that rea-111

soning models can reliably assess the sufficiency112

of their thought, providing valuable insights and113

guidance for advancing efficient reasoning.114

Overall, our contributions are as follows:115

• We propose a novel framework for efficient rea-116

soning that enables the model to dynamically117

assess the sufficiency of its CoT and determine118

the optimal point for early exit.119

• Extensive experiments conducted on Qwen3 se-120

ries models of various sizes demonstrate that121

DTSR consistently outperforms baseline meth-122

ods, achieving a 28.9%–34.9% reduction in gen-123

eration length with almost no loss in performance,124

thereby significantly mitigating overthinking.125

• Further discussion of overconfidence in LRMs126

and the self-evaluation paradigm offers a fresh127

perspective and valuable insights for guiding128

early-exit reasoning.129

2 Methodology130

2.1 Preliminaries131

Generation Patterns of Reasoning Models The132

responses of LRMs are typically structured in two133

stages: a reasoning phase, in which the model en- 134

gages in slow, human-like thinking, encapsulated 135

within the <think> and </think> delimiters, fol- 136

lowed by a solution phase that summarizes the 137

reasoning and produces the final answer. During 138

the thinking process, the model exhibits complex 139

reasoning behaviors, such as problem decomposi- 140

tion, strategy exploration, output verification, and 141

self-correction (Gandhi et al., 2025; Bogdan et al., 142

2025). To trigger these reflective behaviors, LRMs 143

often generate tokens like “Wait”, “Alternatively”, 144

or “Let me check” as cues. However, once the 145

correct answer has been reached, further verifica- 146

tion becomes redundant, leading to unnecessary 147

reasoning cost (Chen et al., 2025b). 148

Early Exit in Reasoning Early exit is a promis- 149

ing strategy for mitigating redundant reasoning. 150

Muennighoff et al. (2025) first introduces a simple 151

budget forcing method: when generation reaches 152

the maximum token budget, the model is forced to 153

append the end-of-thinking token and “Final An- 154

swer:” to terminate reasoning and output its current 155

answer. Dynasor-CoT (Fu et al., 2025) probes in- 156

termediate answers via designed prompts at fixed 157

intervals and terminates reasoning once consecu- 158

tive answers are consistent. It partially mitigates 159

overthinking but still generates extra token inter- 160

vals to verify correctness after the correct answer 161

is produced, failing to achieve optimal exit point. 162

In contrast, DEER (Yang et al., 2025b) outputs in- 163

termediate answers at reasoning transition points 164

(e.g., “Wait”) and uses entropy to estimate their con- 165

fidence, terminating the reasoning process when 166

achieving high confidence. 167

However, previous methods mainly rely on hand- 168

crafted or statistical criteria, which are unreliable 169

for determining whether the current reasoning pro- 170

cess is sufficient to yield the correct answer. Mei 171

et al. (2025) find that even state-of-the-art reason- 172

ing models are overconfident, particularly for incor- 173

rect answers, and this overconfidence grows with 174

the longer reasoning process. Consequently, a sub- 175

stantial gap exists between token probabilities and 176

the actual correctness of answers. From a cognitive 177

perspective, humans rarely produce explicit inter- 178

mediate answers to decide when to stop thinking. 179

Instead, through metacognitive processes (Fleur 180

et al., 2021), they internally assess whether their 181

thoughts are sufficient to reach a final answer. In- 182

spired by this, enabling reasoning models to self- 183

assess the sufficiency of their thought to determine 184
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Let $p$ be the least prime number for which there exists a positive integer $n$ such that $n^{4}+1$ is divisible by $p^{2}$. Find

the least positive integer $m$ such that $m^{4}+1$ is divisible by $p^{2}$.
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Figure 1: Overview of the Dynamic Thought Sufficiency in Reasoning (DTSR) method. Upon a reflection signal,
the model evaluates the sufficiency of its previous thought. If the thought is insufficient, reasoning continues; checks
are skipped within k tokens. Once the thought is sufficient, </think> is appended and a conclusion is generated.

if it can yield a final answer is highly intuitive.185

Therefore, we propose Dynamic Thought Suffi-186

ciency in Reasoning (DTSR), a method that enables187

models to assess whether their current thought is188

sufficient to derive the final answer.189

2.2 Our Proposal: Dynamic Thought190

Sufficiency in Reasoning191

As shown in Figure 1, we present DTSR, a method192

that enables the model to dynamically evaluate the193

sufficiency of its reasoning process. Our method194

consists of two stages: reflection signal monitoring195

and thought sufficiency check.196

Reflection Signal Monitoring Our objective is197

to exit the reasoning process at the optimal point.198

Since assessing thought sufficiency after every gen-199

erated token is computationally impractical, we200

instead seek to identify potential exit signals that201

indicate when verification should be triggered. To202

this end, we conduct an empirical analysis of rea-203

soning trajectories generated by Qwen3-32B. For204

each trajectory, we identify its optimal early-exit205

point, defined as the earliest position in the reason-206

ing process at which the model is already capable207

of producing a correct answer (Figure 7). We find208

that these optimal exit points are often followed209

by explicit self-reflection or answer-verification be-210

haviors, manifested through cues such as “Wait”,211

“Alternatively”, and phrases beginning with “But”212

(e.g., “But wait”, “But let me check”). Based on213

these observations, we construct a reflection signal214

set, the complete list of which is shown in Table 4.215

Thought Sufficiency Check The LRM continues216

reasoning until a reflection signal is encountered.217

Upon detecting such a signal, the model performs218

a thought sufficiency check on the reasoning trace219

generated so far to determine whether it can ter- 220

minate further thinking and produce a final solu- 221

tion. Specifically, at each checkpoint, the original 222

question together with the current chain-of-thought 223

(CoT) is fed into a dedicated thought sufficiency 224

check prompt template (shown in Figure 8). The 225

model is then prompted to generate a scalar score 226

indicating the sufficiency of the current reasoning. 227

A score exceeding the threshold τ indicates that the 228

model deems its reasoning sufficient; in this case, 229

we append a termination marker </think> to halt 230

further reasoning and allow the model to output the 231

final answer. Conversely, if the score falls below 232

the threshold τ , the reasoning is considered insuffi- 233

cient, and the model resumes generation from the 234

last reflection signal, continuing the reasoning pro- 235

cess until the next checkpoint. This procedure is 236

repeated until the reasoning process is complete. 237

Unlike prior approaches that rely on handcrafted 238

heuristics or empirical external metrics, our method 239

determines the reasoning exit point through the 240

model’s internal self-evaluation. In this paradigm, 241

the model assesses the sufficiency of its previously 242

generated reasoning from a third-person perspec- 243

tive, treating the reasoning trace as an external ob- 244

ject rather than directly evaluating itself. Further 245

discussion of this can be found in Section 4.4. 246

Moreover, reflection signals frequently occur 247

in close succession, causing repeated sufficiency 248

checks to yield similar outcomes and resulting in 249

redundant computation. To mitigate this issue, we 250

enforce a minimum token interval k between con- 251

secutive sufficiency checks. Concretely, a reflec- 252

tion signal triggers a thought sufficiency check only 253

if at least k tokens have been generated since the 254

previous check; otherwise, the current signal is 255

skipped and the process continues (Algorithm 1). 256
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Algorithm 1 Dynamic Thought Sufficiency in Rea-
soning (DTSR)

1: Init: model M, question Q, prompt q_cot,
reflection signals S, min interval k, threshold
τ , max length max_len

2: L ← q_cot + Q, reasoning trace T ← ∅,
counter c← 0

3: while len(L) < max_len do
4: Generate token t, T ← T + t, c← c+ 1
5: if t ∈ S and c ≥ k then
6: Build sufficiency prompt with (Q,T )
7: Obtain score s ∈ [0, 100] fromM
8: if s ≥ τ then
9: T ← T + </think>

10: else
11: Continue reasoning, c← 0
12: end if
13: end if
14: end while
15: return T

3 Experiments257

3.1 Experimental Setup258

Benchmarks and Metrics To comprehensively259

evaluate the reasoning capabilities of LRMs, we se-260

lect six widely used benchmarks: GSM8K (Cobbe261

et al., 2021), MATH-500 (Hendrycks et al., 2021),262

AMC 2023, OlympiadBench (He et al., 2024),263

GPQA Diamond (Rein et al., 2024) and Live-264

CodeBench (Jain et al., 2025). Our goal is to sig-265

nificantly reduce the number of tokens generated266

during the reasoning process while maintaining267

high reasoning performance. To this end, we em-268

ploy two primary metrics: Accuracy (Acc) and269

Token Count (Tok). Acc measures the proportion270

of correct final answers, calculated as the average271

pass@1 score, whereas Tok represents the average272

number of tokens generated per sample, serving as273

an indicator of reasoning efficiency.274

Models We conduct extensive experiments on275

the Qwen3 (Yang et al., 2025a) series of models.276

Our selection spans different model sizes (8B, 14B,277

32B) of reasoning models to validate the generaliz-278

ability of our method. Despite their strong reason-279

ing ability, these models often exhibit overthinking280

during the reasoning process.281

Baselines We compare DTSR with the vanilla282

LRM as well as existing state-of-the-art training-283

free efficient reasoning methods, including No-284

Thinking (Ma et al., 2025a), NOWAIT (Wang et al., 285

2025), and DEER (Yang et al., 2025b). Vanilla 286

allows the model to generate answers directly with- 287

out any intervention. NoThinking prompts the 288

model to skip the reasoning stage and answer the 289

question directly. NOWAIT suppresses explicit 290

self-reflection by masking reflective tokens such 291

as “wait” and “hmm” during the reasoning process. 292

DEER makes early-exit decisions based on the con- 293

fidence scores of intermediate answers. In addition, 294

we compare DTSR with recent training-based meth- 295

ods (Arora and Zanette, 2025a; Dai et al., 2025). 296

Implementation Details All experiments are 297

conducted using the vLLM framework to ensure 298

high throughput and memory-efficient inference. 299

For the decoding strategy, we set the temperature 300

to 0.6 and top-p to 0.95. The maximum genera- 301

tion length is set to 16k tokens, and each dataset 302

is generated three times, with the final results re- 303

ported as the average pass@1. In our method, the 304

thought sufficiency threshold τ is set to 100, and 305

the minimum token interval k is set to 64. 306

3.2 Experimental Results 307

Overall Performance The results in Table 1 308

show that DTSR consistently outperforms the base- 309

line methods across three model sizes and five 310

benchmark datasets. Compared with vanilla rea- 311

soning models, DTSR achieves almost the same 312

level of accuracy without any degradation, while re- 313

ducing sequence length by 28.9%–34.9%, leading 314

to more efficient inference. Notably, when applied 315

to Qwen3-14B, DTSR even improves performance 316

on challenging reasoning tasks such as GPQA and 317

OlympiadBench, underscoring its effectiveness. 318

Comparison with SOTAs We compare DTSR 319

with several recent training-free efficient reasoning 320

methods. As shown in Table 1, DTSR effectively 321

shortens reasoning length without compromising 322

accuracy, whereas other baselines struggle to bal- 323

ance efficiency with performance. For instance, No- 324

Thinking enforces models to bypass the reasoning 325

process through prompting, which indeed shortens 326

sequences but deviates from the natural generation 327

paradigm and severely limits reasoning capability. 328

NoWAIT mitigates redundant output by masking 329

frequent reflective tokens, yet this restriction on the 330

model’s inherent self-reflection results in signifi- 331

cant performance degradation on complex reason- 332

ing tasks. DEER relies on the confidence scores 333

of intermediate answers, yet models often exhibit 334
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Method GSM8K MATH-500 AMC GPQA Olympiad Overall
Acc↑ Tok↓ Acc↑ Tok↓ Acc↑ Tok↓ Acc↑ Tok↓ Acc↑ Tok↓ Acc↑ Tok↓

Qwen3-8B

Vanilla 96.0 2208 94.4 5067 92.5 7232 60.1 8861 66.4 9182 81.9 6510
NoThinking 92.6 303 86.0 1067 72.5 2264 53.0 1271 48.3 2385 70.5 1458
NoWAIT 94.9 1307 92.8 3485 90.0 5448 55.6 6920 62.4 6998 79.1 4832
DEER 95.1 963 93.4 2549 87.5 5155 57.1 8306 63.4 5768 79.3 4532
DTSR (ours) 95.1 1152 94.0 2359 90.0 4507 59.6 7942 66.4 6180 81.0-0.9 4428-32.0%

Qwen3-14B

Vanilla 96.2 1672 95.4 4503 97.5 6562 65.7 7513 67.0 8555 84.4 5761
NoThinking 95.1 278 88.2 852 77.5 2065 55.6 1286 51.7 2029 73.6 1302
NoWAIT 95.8 1133 92.8 3307 97.5 5035 64.1 6775 65.6 6670 83.2 4584
DEER 95.3 896 94.4 2601 97.5 4514 62.6 7105 65.1 6717 83.0 4367
DTSR (ours) 96.2 849 95.0 2247 97.5 3975 66.2 5916 68.9 5755 84.8+0.4 3748-34.9%

Qwen3-32B

Vanilla 96.6 1707 94.8 4489 95.0 6807 68.2 6906 69.0 8280 84.7 5638
NoThinking 94.8 283 86.4 958 70.0 1738 54.6 561 52.4 2076 71.6 1123
NoWAIT 95.8 1212 93.4 3285 95.0 4894 66.7 5436 65.8 6598 83.3 4285
DEER 95.5 979 94.0 2881 92.5 4966 67.2 6395 66.4 6370 83.1 4318
DTSR (ours) 96.0 849 95.0 2660 95.0 4617 69.2 5677 67.7 6249 84.6-0.1 4010-28.9%

Table 1: Experimental results across various reasoning models. "Acc" denotes accuracy, and "Tok" denotes token
count. ↑ indicates that higher values are better, while ↓ indicates that lower values are better.

Figure 2: Performance of DTSR on LiveCodeBench.

high confidence even in incorrect ones. Moreover,335

it focuses only on partial answers while neglecting336

the global reasoning process, making it unreliable.337

In contrast, DTSR performs self-assessment over338

the entire reasoning process, which accounts for339

global coherence while mitigating overconfidence,340

thereby achieving superior overall performance.341

We also present a comparison between DTSR342

and training-based methods in Table 5. The results343

show that DTSR achieves a generation length com-344

parable to training-based approaches. Although345

DTSR exhibits slightly lower accuracy due to the346

absence of additional training, these results demon-347

strate that DTSR remains competitive with training-348

based methods while requiring no extra training.349

Performance on Programming Tasks To eval-350

uate the generalization of DTSR across different351

domains, we additionally assess its performance on352

programming tasks. Figure 2 presents the evalua-353
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Figure 3: Comparison of Vanilla and DTSR on MATH-
500 as the token budget increases.

tion results of Qwen-8B and Qwen-14B on Live- 354

CodeBench. Compared to mathematical and scien- 355

tific tasks, the reasoning process in programming 356

tasks tends to be more redundant. DTSR is able 357

to reduce the generation length by over 50% while 358

incurring only minimal performance degradation. 359

Overthinking is particularly pronounced in pro- 360

gramming tasks, as they typically involve longer 361

answers, requiring the model to spend more tokens 362

on verification and reflection. In many cases, the 363

model is already capable of generating correct code 364

during the intermediate reasoning steps, repeated 365

verification prolongs this process. 366

4 Analysis and Discussion 367

4.1 Ablation Study 368

Performance with different token budget We 369

expand the maximum generation token budget from 370
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Figure 4: Impact of token interval k.

2k to 16k to compare Vanilla and DTSR in terms371

of accuracy and generation length. Figure 3 shows372

that DTSR consistently generates shorter sequences373

across all tested budgets, with accuracy only show-374

ing a slight fluctuation at 16k, while outperform-375

ing Vanilla in the other settings. Notably, the dif-376

ference in sequence length between Vanilla and377

DTSR grows as the budget increases, suggesting378

that DTSR achieves greater token savings under379

larger budgets. In practice, our method can dy-380

namically adjust the token budget to suit diverse381

application scenarios, thereby improving flexibility382

and efficiency in real-world deployments.383

Impact of token interval k To begin with, vary-384

ing the token interval k has almost no effect on385

accuracy, since the criterion for assessing thought386

sufficiency remains unchanged. Instead, k primar-387

ily affects two factors: generation length and in-388

ference latency. Figure 4 presents the results of389

DTSR on MATH-500 under different token inter-390

vals. When k ≤ 64, the generation length remains391

nearly constant. However, once k > 64, the length392

starts to increase as k grows. This occurs because393

overly large token intervals may cause the model394

to miss the optimal exit points for certain problems,395

thereby delaying exit. Regarding latency, an over-396

all U-shaped trend can be observed. When k ≤ 64,397

the reasoning latency increases due to the frequent398

thought-sufficiency checks required at smaller in-399

tervals. In contrast, when k > 64, although the400

number of checks is reduced, the model tends to401

generate longer reasoning traces after missing opti-402

mal exit points, which in turn leads to increased la-403

tency. Consequently, k = 64 represents a balanced404

trade-off between generation length and latency,405

making it a desirable choice in practice.406
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Figure 5: Impact of threshold τ .

Method MATH-500 AMC

Len Latency Len Latency

Vanilla 4480 3.1 6562 8.3
DEER 2601 4.2 4514 15.6
DTSR 2247 1.9 3975 6.2

Table 2: Comparison of Inference Latency (s).

Impact of threshold τ Figure 5 presents the 407

performance of DTSR on the MATH-500 dataset 408

across different threshold values of τ . When the 409

threshold is low, accuracy drops significantly be- 410

cause the model tends to terminate reasoning pre- 411

maturely, before its thought process is fully devel- 412

oped. This leads to incorrect answers, even though 413

the overall generation length becomes somewhat 414

shorter. These results indicate that the optimal exit 415

point for reasoning is achieved when τ = 100, at 416

which the model shows strong confidence in the 417

sufficiency of its reasoning process. 418

4.2 Analysis of Inference Latency 419

Table 2 reports the end-to-end inference latency of 420

DTSR on the MATH-500 and AMC datasets. The 421

results show that our method not only substantially 422

reduces the generation length, but also achieves a 423

significant reduction in inference latency, yielding 424

improvements of approximately 25%–40%. In con- 425

trast, although DEER reduces the final generation 426

length, it unexpectedly increases inference latency. 427

This performance gap can be attributed to two key 428

factors. First, we enable the continuous batching 429

strategy in vLLM, which allows different samples 430

to interleave between the generation and evaluation 431

phases. In contrast, DEER adopts a synchronous 432

scheme that requires all samples to complete gen- 433

eration before a collective evaluation, resulting in 434
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Figure 6: Comparison between DEER and its two vari-
ants, DEER-1 and DEER-2.

idle computation and increased latency. Second,435

we introduce a token interval parameter k, which436

substantially reduces redundant checks, thereby437

further improving overall inference efficiency.438

4.3 Overconfidence in LRMs439

Here, we discuss the issue of overconfidence in440

LRM. In fact, DEER has observed in experiments441

that the Qwen-3 series models tend to be overconfi-442

dent in their confidence predictions. In the original443

setup, DEER adds an early-exit condition on top of444

the confidence score derived from intermediate an-445

swers: the model is required to generate </think>446

after producing a trial answer. To further investi-447

gate this issue, we derive two variants from DEER:448

• DEER-1: The early-exit decision is based solely449

on the confidence score of the trial answer.450

• DEER-2: Whether the model generates451

</think> after producing an intermediate an-452

swer is used as the criterion for early exit.453

Figure 6 presents the performance of DEER and its454

two variants, DEER-1 and DEER-2, on MATH-500.455

DEER-1, which operates without the constraint456

of generating </think>, achieves the lowest accu-457

racy, highlighting the model’s overconfidence in458

its generated answers. This indicates that relying459

solely on the confidence score of a trial answer is460

insufficient for determining when to exit reason-461

ing. In contrast, DEER-2, which uses the simple462

criterion of whether </think> is generated, attains463

higher accuracy than DEER-1. The generation of464

</think> after producing an answer is a behav-465

ior learned during training, serving as a signal of466

the model’s self-assessment of answer correctness.467

These results suggest that leveraging the model’s468

intrinsic self-evaluation is a more reliable approach469

Method Accuracy (↑) Length(↓)

DTSR 95.0 2247
DTSR-1 (τ=100) 94.2 3254
DTSR-1 (τ=95) 93.8 2457

Table 3: Comparison between DTSR and DTSR-1.

for guiding early-exit reasoning than using exter- 470

nally designed criteria. 471

4.4 Self-Evaluation Paradigms 472

In DTSR, self-evaluation is conducted from a third- 473

person perspective rather than by having the model 474

directly score its own thoughts. the two approaches 475

are illustrated in Figure 9. To compare them, we 476

introduce another variant, DTSR-1, in which an 477

additional prompt is added during the intermedi- 478

ate reasoning process to ask the model to directly 479

evaluate the adequacy of its prior reasoning. The re- 480

sults on MATH-500 are shown in Table 3. It is clear 481

that DTSR-1 performs worse than DTSR in both 482

accuracy and generation length. This is primarily 483

because the model is unable to accurately assess 484

the sufficiency of its reasoning during the process. 485

As the saying goes, “the observer sees clearly what 486

the participant cannot”. Only by evaluating from a 487

third-person perspective and separating reasoning 488

generation from the judgment of its adequacy can 489

the model demonstrate its full reasoning capability. 490

4.5 Case Study 491

We conduct case studies on three types of problems: 492

mathematical, programming, and open-ended. Fig- 493

ure 10 shows the detailed reasoning process of 494

Qwen3-14B on a math problem. At the beginning, 495

the model generates reasoning normally. When it 496

produces the reflection signal, it starts to evaluate 497

the adequacy of its previous thoughts and gives a 498

score of 75, which is below the early-exit thresh- 499

old τ . As a result, the model returns to the re- 500

flection signal position to continue reasoning. In 501

the third round of reasoning, several reflection sig- 502

nals appear, but the model performs the thought 503

sufficiency check only at the last one. This is be- 504

cause the number of generated tokens has not yet 505

reached the token interval k, and redundant checks 506

are skipped. After several checks, the model fi- 507

nally gives a score of 100 on the fourth attempt, 508

satisfying the early-exit condition. It then appends 509

</think> and proceeds to make a conclusion, gen- 510

erating the final answer. Figure 11 shows how 511
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DTSR solves a programming problem, and Fig-512

ure 12 presents the comparison between Vanilla513

and DTSR on an open-ended question. Across514

all cases, DTSR reduces token usage substantially515

while maintaining performance, improving reason-516

ing efficiency and alleviating excessive thinking.517

5 Related work518

Recently, Large Reasoning Models (LRMs) have519

demonstrated remarkable performance on com-520

plex reasoning tasks by generating long Chains521

of Thought (CoT) for deep reasoning (Jaech et al.,522

2024; Guo et al., 2025). However, recent stud-523

ies (Chen et al., 2025b; Cuadron et al., 2025) have524

revealed the issue of overthinking, where models525

continue to reason even after obtaining the cor-526

rect answer, leading to redundant computational527

overhead. To address this, prior research has ex-528

plored a variety of approaches to enable efficient529

reasoning (Feng et al., 2025), which can be broadly530

categorized into three directions: (Input) prompt-531

guided methods, (Model) post-training methods,532

and (Output) decoding-intervention methods.533

Prompt-guided Methods Such methods lever-534

age carefully designed prompts to guide the535

model in performing efficient reasoning. Concise536

CoT (Renze and Guven, 2024) simply adds the537

instruction “Be concise” to the prompt, whereas538

TALE (Han et al., 2025) first estimates an opti-539

mal token budget and then incorporates it into540

the prompt to encourage shorter reasoning chains.541

Chain-of-Draft (Xu et al., 2025a) constrains the542

model to preserve only the most essential reasoning543

drafts at each step, thereby reducing token usage544

in few-shot settings. Although easy to implement,545

these approaches (Lee et al., 2025) are limited in546

compressing long reasoning chains, and therefore547

better suited for use alongside other methods.548

Post-training Methods These methods typi-549

cally employ supervised fine-tuning (SFT) using550

variable-length CoT data (Yu et al., 2024; Liu et al.,551

2024; Ma et al., 2025b), or leverage reinforcement552

learning (RL) with length-based rewards (Team553

et al., 2025; Arora and Zanette, 2025b; Yeo et al.,554

2025; Yi et al., 2025). L1 (Aggarwal and Welleck,555

2025) and Elastic Reasoning (Xu et al., 2025b)556

incorporate length constraints into the reward func-557

tion, training models to flexibly adjust the length558

of reasoning chains under different token budgets.559

Recently, numerous studies (Lou et al., 2025; Jiang560

et al., 2025b; Fang et al., 2025) have focused on 561

training hybrid reasoning models that adaptively 562

choose between concise responses and long-chain 563

reasoning based on task complexity. While these 564

methods attempt to address the problem at the fun- 565

damental level, their high training costs restrict 566

most experiments to smaller models (e.g., 1.5B or 567

7B), limiting their applicability to larger models. 568

Decoding-intervention Methods Such methods 569

intervene during decoding to adjust generation, 570

guiding models to produce answers earlier (Qiao 571

et al., 2025; Huang et al., 2025) or exit reason- 572

ing sooner (Liu and Wang, 2025; Jiang et al., 573

2025a; Zhang et al., 2025). NoWAIT (Wang et al., 574

2025) attempts to suppress explicit self-reflection 575

by blocking tokens like Wait and Hmm during rea- 576

soning. However, the model can readily bypass this 577

restriction by generating other tokens. Dynasor- 578

CoT (Fu et al., 2025) probes the model’s inter- 579

mediate answers at fixed token intervals and stops 580

thinking if three consecutive answers are consistent, 581

whereas DEER (Yang et al., 2025b) tracks interme- 582

diate answers at reasoning transition points and de- 583

termines whether to terminate reasoning based on 584

their confidence scores. However, both approaches 585

rely on probing intermediate answers to determine 586

stopping points, which works well only for prob- 587

lems with definite answers, but is less effective for 588

long-form or open-ended outputs. In contrast, our 589

approach effectively overcomes this limitation. 590

6 Conclusion 591

In this work, we alleviate the inefficiency of LRMs 592

by introducing Dynamic Thought Sufficiency in 593

Reasoning (DTSR), a novel framework that en- 594

ables models to dynamically determine when their 595

CoT is sufficient to yield a reliable answer. By in- 596

tegrating reflection signal monitoring with thought 597

sufficiency checks, DTSR provides a principled 598

mechanism for mitigating overthinking while main- 599

taining strong reasoning performance. Experiments 600

on Qwen3 models demonstrate that DTSR achieves 601

substantial reductions in reasoning length with 602

only minimal performance degradation, highlight- 603

ing its effectiveness in improving efficiency. We 604

further discuss overconfidence in LRMs and the 605

self-evaluation paradigm, shedding light on how 606

models effectively assess the sufficiency of their 607

CoT. This exploration offers a fresh perspective and 608

valuable insights for guiding early-exit reasoning. 609
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Limitations610

While DTSR demonstrates promising results in611

improving reasoning efficiency, we identify some612

possible limitations as follows.613

• Due to computational resource constraints, we614

conduct experiments only on LLMs up to 32B.615

• This work focuses exclusively on textual reason-616

ing tasks, including mathematics and code. We617

have not yet extended our method to multimodal618

reasoning or agent scenarios, which we leave for619

future exploration.620
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A Reflection Signal859

In this paper, we take the following keywords as860

signals for LRM reflection:

“Wait”, “Alternative”, “Alternatively”
“But wait”, “But let me”, “But let’s”

Table 4: Reflection Signal List

861

Comparison with NoWAIT NoWAIT sup-862

presses all reflection-related tokens, which can dis-863

rupt intrinsic reasoning and reduce accuracy. In864

contrast, DTSR preserves normal reasoning and865

triggers sufficiency evaluation only upon detecting866

reflection signals, achieving significant generation-867

length reduction without harming performance.868

B Prompt Template 869

Figure 8 presents the prompt template used for 870

thought sufficiency check stage. Figure 9 illustrates 871

the differences between the prompt templates of 872

DTSR and its variant, DTSR-1. 873

C More Experiments 874

Comparison with Training-based Mehtods We 875

further compare DTSR with more baselines. 876

For training-based methods, we include RL + 877

Length Penalty (Arora and Zanette, 2025a) and 878

S-GRPO (Dai et al., 2025). RL + Length Penalty 879

penalizes overly long correct responses by assign- 880

ing rewards based on their deviation from the mean 881

length. S-GRPO uses rule-based outcome rewards 882

to regulate intermediate reasoning, encouraging 883

LLMs to generate high-quality thoughts earlier and 884

to exit once sufficient reasoning is reached, thereby 885

improving efficiency while maintaining accuracy. 886

As shown in Table 5, DTSR achieves a generation 887

length comparable to training-based methods. Al- 888

though it exhibits slightly lower accuracy due to 889

the absence of additional training, DTSR remains 890

competitive while requiring no extra training. 891

Comparison with Training-free Mehtods We 892

also compare DTSR with two recent efficient rea- 893

soning methods, TALE (Han et al., 2025) and 894

Chain-of-Draft (CoD) (Xu et al., 2025a). As shown 895

in Table 6, TALE achieves almost no reduction in 896

generation length, while CoD substantially reduces 897

token usage at the cost of a significant accuracy 898

drop. In contrast, DTSR strikes a better balance 899

between accuracy and generation length. 900

Performance under Different Decoding Strate- 901

gies In the main experiments, we adopt a decod- 902

ing configuration with temperature set to 0.6 and 903

top_p set to 0.95. Table 7 reports the results un- 904

der greedy decoding. The results show that DTSR 905

maintains strong performance across different de- 906

coding strategies, further demonstrating the robust- 907

ness and applicability of our method. 908

D Case Study 909

Figures 10, 11 and 12 present representative exam- 910

ples of Qwen-14B solving mathematical, program- 911

ming, and open-ended problems under the DTSR 912

framework, respectively. 913
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<think>\nOkay, so I need to find the probability that, for three randomly chosen distinct vertices Q, R, S of a regular icosahedron, the
distance d(Q, R) is greater than d(R, S). The answer should be in the form m/n where m and n are coprime, and then find m + n.

Question: Let $ABC$ be a triangle inscribed in circle $\omega$. Let the tangents to $\omega$ at $B$ and $C$ intersect at point $D$, and let
$\overline{AD}$ intersect $\omega$ at $P$. If $AB=5$, $BC=9$, and $AC=10$, $AP$ can be written as the form $\frac{m}{n}$, where $m$ and
$n$ are relatively prime integers. Find $m + n$.

\n</think>\n\n We are given triangle $ ABC $ <omitted> ### Final Answer:\n\n $\n\boxed{13}\n$

\n\nFirst, I remember that when two tangents are drawn from a point to a circle, they are equal in length. So, DB = DC because D is the
intersection of the tangents at B and C. <omitted> Wait, but A is on ω, so power of A would be zero. Hmm, not sure.

\n</think>\n\n We are given triangle $ ABC $ <omitted> ### Final Answer:\n\n $\n\boxed{137}\n$

\n\nAlternatively, since D is the intersection of tangents at B and C <omitted> \n\nSimplify:\n\nFirst, note that 88 and 22 have
common factor 11: 88 = 8*11, 22 = 2*11.\n\nSo 88/22 = 4. \n\nTherefore, AP = 4*(25/13) = 100/13.

❌False

\n</think>\n\n To solve the problem, we are given <omitted> ### Final Answer:\n\n $\n\boxed{197}\n$

Full Thought:

❌False

\n\nWait, this is confusing. Maybe I need to use directed lengths or consider the power of point formula with signs.  But if P is beyond
A from D, then DA * DP would be DA * (DA + AP). <omitted> But I need to figure out which is the case.

\n</think>\n\n To solve the problem, we are given <omitted> ### Final Answer:\n\n $\n\boxed{113}\n$

\n\nWait, that's nice! So AP = 100/13. Which is already in reduced form since 100 and 13 are coprime (13 is prime, doesn't divide 100).
Therefore, m = 100, n = 13, m + n = 113.

\n</think>\n\n To solve the problem, we are given <omitted> ### Final Answer:\n\n $\n\boxed{113}\n$

True

True

✅

✅

False❌

\n\nWait, but let me check my steps again to make sure.\n\nFirst, we found t = 88/169. Then AP = t * |direction vector| = (88/169)*
(325/22). Then simplifying:\n\nDivide 88 by 22 = 4, and 325 divided by 169 = 25/13. So 4*(25/13) = 100/13. Yes, that seems correct.

\n</think>\n\n To solve the problem, we are given <omitted> ### Final Answer:\n\n $\n\boxed{113}\n$ True✅

Under
Thinking

Over
Thinking

Optimal
Exit Point

Figure 7: An illustrative example showing how we identify the optimal exit point. After each generated sentence,
we append </think> to force the model to produce an answer. The correctness of the resulting answer is then used
to determine whether the current reasoning state is sufficient and corresponds to the optimal exit point.

Thought Sufficiency Check Prompt Template

<|im_start|>users
Assess the confidence that the provided thought is sufficient to solve the question.
Output only in the format: Confidence: <number>, where <number> is a real value
between 0 and 100. Here, 100 means the thought is fully sufficient to reach the
final answer directly without additional reasoning, and 0 means the thought is
completely insufficient to do so.

### Question
{question}

### Thought
{thought}
<|im_end|>
<|im_start|>assistant
<think>

</think>

Confidence:

Figure 8: Thought Sufficiency Check Prompt Template
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DTSR
<|im_start|>users
Assess the confidence that the provided thought is sufficient to solve the question.
Output only in the format: Confidence: <number>, where <number> is a real value
between 0 and 100. Here, 100 means the thought is fully sufficient to reach the
final answer directly without additional reasoning, and 0 means the thought is
completely insufficient to do so.

### Question
{How many positive whole-number divisors does 196 have?}

### Thought
{<think>\nOkay, so I need to figure out how many positive whole-number divisors the
number 196 has. Hmm, let me think. I remember that to find the number of divisors
of a number, you first have to find its prime factorization. Once you have that,
you can use exponents to determine the total number of divisors. Let me try to
recall exactly how that works.}
<|im_end|>
<|im_start|>assistant
<think>

</think>

Confidence:

DTSR-1
<|im_start|>system
Please reason step by step, and put your final answer within \\boxed{}.
<|im_end|>
<|im_start|>users
How many positive whole-number divisors does 196 have?
<|im_end|>
<|im_start|>assistant
<think>\nOkay, so I need to figure out how many positive whole-number divisors the
number 196 has. Hmm, let me think. I remember that to find the number of divisors
of a number, you first have to find its prime factorization. Once you have that,
you can use exponents to determine the total number of divisors. Let me try to
recall exactly how that works.

Assess the confidence that the provided thought is sufficient to solve the question.
Output only in the format: Confidence: <number>, where <number> is a real value
between 0 and 100. Here, 100 means the thought is fully sufficient to reach the
final answer directly without additional reasoning, and 0 means the thought is
completely insufficient to do so.

Confidence:

Figure 9: Differences between DTSR and its variant DTSR-1.
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Method GSM8K MATH-500 AMC GPQA Overall
Acc↑ Tok↓ Acc↑ Tok↓ Acc↑ Tok↓ Acc↑ Tok↓ Acc↑ Tok↓

Qwen3-14B

Vanilla 96.2 1672 95.4 4503 97.5 6562 65.7 7513 88.7 5062
RL + Length Penalty 95.8 1090 95.8 2866 97.5 5059 65.4 4949 88.6 3491
S-GRPO 96.3 952 96.4 2652 100 4538 67.6 4537 90.1 3170
DTSR 96.2 849 95.0 2247 97.5 3975 66.2 5916 88.7 3246

Table 5: Comparison of DTSR with training-based efficient reasoning methods. "Acc" denotes accuracy, and "Tok"
denotes token count. ↑ indicates that higher values are better, while ↓ indicates that lower values are better.

Method GSM8K MATH-500 AMC GPQA Overall
Acc↑ Tok↓ Acc↑ Tok↓ Acc↑ Tok↓ Acc↑ Tok↓ Acc↑ Tok↓

Qwen3-14B

Vanilla 96.2 1672 95.4 4503 97.5 6562 65.7 7513 88.7 5062
TALE 95.7 1241 94.6 4484 95.0 6623 65.6 7138 87.7 4872
CoD 85.7 648 75.2 2359 72.5 4122 51.0 1177 71.1 2077
DTSR 96.2 849 95.0 2247 97.5 3975 66.2 5916 88.7 3246

Table 6: Comparison of DTSR with TALE and Chain-of-Draft (CoD). "Acc" denotes accuracy, and "Tok" denotes
token count. ↑ indicates that higher values are better, while ↓ indicates that lower values are better.

Method GSM8K MATH-500 AMC GPQA Olympiad Overall
Acc↑ Tok↓ Acc↑ Tok↓ Acc↑ Tok↓ Acc↑ Tok↓ Acc↑ Tok↓ Acc↑ Tok↓

Qwen3-14B

Vanilla 96.3 1676 94.8 4511 97.5 6998 64.1 7382 65.6 8644 83.7 5842
DTSR 96.1 814 94.6 2296 97.5 3977 65.6 6103 66.8 5967 84.1 3831

Table 7: Experimental results under greedy decoding. "Acc" denotes accuracy, and "Tok" denotes token count. ↑
indicates that higher values are better, while ↓ indicates that lower values are better.

In a table tennis tournament every participant played every other participant exactly once. Although there were twice as many right-
handed players as left-handed players, the number of games won by left-handed players was $40\%$ more than the number of games

won by right-handed players. (There were no ties and no ambidextrous players.) What is the total number of games played?

Question

Response

<think>\nOkay, so I need to solve this table tennis tournament problem. \n\nFirst, the problem says that every participant played every
other participant exactly once. <omitted> \n\nTherefore, total games T = G_L + G_R = 1.4G_R + G_R = 2.4G_R.

Alternatively, since T is also equal to (3L)(3L - 1)/2, so maybe I can set up equations here.\n\nBut how do I find G_L and
G_R? <omitted> \n\nSo adding them:\n\nConvert all terms to halves:\n\n(L² - L)/2 + (4L² - 2L)/2 + (4L²)/2

Wait, L=3: 3 mod 8. L=8: 0 mod 8. L=11: 3 mod 8 (since 11-8=3). <omitted> Wait, maybe my initial thought is not correct. But wait, L=3
and L=8 and L=11?\n\n <omitted> So seems that L ≡ 0 mod 8 or L ≡ 3 mod 8?

Wait let me check L= 3 + 8k. Therefore, L(L - 3) = (3 + 8k)(8k). <omitted> Let me check L= 3 - 8 = negative, which is invalid.\n\nSo seems
that L=3 is the only possible value. Hence total number of games is 36.

\n</think>\n\nTo determine the total number of games played in the table tennis tournament, we analyze the structure of the competition and
the given constraints.\n\n---\n\n<omitted>\n\n---\n\n ✅ Final Answer\n\n$$\n\boxed{36}

Score: 70

Score: 90

Score: 95

Vanilla's response:   10596 tokens DSTR's response:   824 tokens

Score: 100

Figure 10: An example illustrating the reasoning process of DTSR.
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\n</think>\n\npython\nclass Solution:\n    def matrixSum(self, nums: List[List[int]]) -> int:\n<omitted> current_max = max(current_max,
row[col])\n            score += current_max\n        \n        return score\n

You are given a 0-indexed 2D integer array nums. Initially, your score is 0. Perform the following operations until the matrix becomes
empty:\n\nFrom each row in the matrix, select the largest number and remove it. In the case of a tie, it does not matter which number is

chosen.\nIdentify the highest number amongst all those removed in step 1. Add that number to your score.\n\nReturn the final score.

Question

Let $p$ 

Find the

Questi

Origina

T1

Response

<think>\nOkay, let's see. The problem is about processing a 2D matrix in such a way that in each step, we take the largest
element from each row, <omitted> Then repeat until all rows are empty.\n\n

Wait, but each row's length might be different? Wait, no. Wait, the problem says that the matrix is 0-indexed 2D array. But
the rows can have different lengths? <omitted>  But how do we process this?\n\n

Wait, the process continues until the matrix becomes empty. <omitted> Then, for each step, we take the first element of
each row, find the max among them, which would take the next element in each row (since the first has been removed).

Vanilla's response:   10596 tokens DSTR's response:   824 tokens

\n</think>\n\npython\nclass Solution:\n    def matrixSum(self, nums: List[List[int]]) -> int:\n<omitted> current_max
= max(current_max, row[col])\n            score += current_max\n        \n        return score\n

Score: 50

Score: 90

Score: 100

Figure 11: An example illustrating the reasoning process of DTSR on a promgramming problem.
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Case Example: Open Question

Question:
Suppose gravity on Earth suddenly became half as strong.
How would human architecture, biology, and transportation adapt over time?

Vanilla:
<think>...</think>

If Earth’s gravity suddenly became half as strong (i.e., gravitational acceleration reduced from 9.8 m/s² to 4.9
m/s²), the effects on human architecture, biology, and transportation would be profound and multifaceted, with immediate
and long-term adaptations across these domains.
1. Architecture
- Reduced Structural Load: Buildings, bridges, and other infrastructure would require significantly less material and
reinforcement. For example, skyscrapers could be taller or constructed with lighter materials (e.g., advanced composites
instead of steel) due to decreased compressive forces.
- Design Adjustments: Foundations might be smaller or less deep, and load-bearing walls could be thinner. However,
engineers would need to account for new challenges, such as wind forces (which are less mitigated by gravity) and seismic
activity (potentially altered by changes in Earth’s mass or tectonic dynamics).
- Fluid Dynamics: Plumbing systems might require adjustments to handle reduced pressure in water distribution, and
drainage systems could become less efficient due to slower fluid flow under lower gravity...
2. Human Biology
- Reduced Physical Strain: Humans would feel lighter, making movement easier and reducing joint stress. People might
jump higher, run faster, and experience less fatigue in daily activities.
- Musculoskeletal Changes: Over time, muscle atrophy and bone density loss could occur due to reduced mechanical loading.
This would mirror the effects of prolonged microgravity on astronauts, potentially leading to osteoporosis and weakened
ligaments.
- Cardiovascular Adaptation: The heart would pump less forcefully, and blood pressure might decrease. Circulatory systems
might adjust to reduced gravitational p̈ull,p̈otentially altering the distribution of fluids in the body...
3. Transportation
- Easier Space Travel: Launching spacecraft would require less fuel to escape Earth’s gravity, making interplanetary
missions more feasible and cost-effective.

- Vehicle Design: Cars and other vehicles might become lighter and more agile, with reduced traction requirements...

DTSR:
<think>...</think>
If Earth’s gravity suddenly became half as strong, the following adaptations would occur in architecture, biology, and
transportation over time:
1. Architecture
- Structural Design: Buildings would require less material and reinforcement due to reduced gravitational load. Foundations
could be shallower, and skyscrapers might reach greater heights since the structural stress is halved.
- Material Use: Lighter materials (e.g., composites, expanded metals) might replace heavier ones like concrete and steel.
Open spaces, larger windows, and more cantilevers could become common.
- Wind Considerations: While gravity is lower, wind forces on tall structures might remain a limiting factor, potentially
leading to more aerodynamic designs.
2. Biology
- Musculoskeletal System: Humans would likely experience reduced bone density and muscle mass due to less gravitational
stress. Over generations, evolutionary adaptations might include taller, more slender bodies with less robust bones and
muscles.
- Cardiovascular System: The heart might become smaller, as it would not need to work as hard to pump blood against
gravity. However, if atmospheric pressure decreases (due to lower gravity), respiratory adaptations (e.g., larger lungs, higher
hemoglobin levels) could emerge to compensate for lower oxygen availability.
- Fluid Distribution: Fluids (e.g., blood, interstitial fluid) would pool more in the upper body, leading to facial puffiness and
potential changes in circulatory dynamics.
3. Transportation
- Ground Vehicles: Vehicles would weigh less, improving fuel efficiency and acceleration. Braking systems might need
redesigning due to reduced friction (normal force is halved). Heavier cargo could be transported with the same infrastructure.
- Aircraft: If atmospheric pressure remains constant, aircraft would require less lift, enabling smaller, more efficient designs.
However, if the atmosphere thins (due to lower gravity), air density would decrease, complicating lift generation. This might
necessitate larger wings or more powerful engines.
- Space Travel: Launching to space would require less energy, making interplanetary travel more feasible..

Figure 12: Comparison of Vanilla’s and DTSR’s answer on an open question.
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