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Abstract001

Large language models (LLMs) often over-002
think, generating unnecessarily long chains-003
of-thought that waste computation and can004
even reduce accuracy. We propose a dynamic005
stopping framework that detects overthinking006
in real time and halts generation once fur-007
ther reasoning is predicted to be unproduc-008
tive. Our method computes a novel over-009
thinking score from the model’s own output010
and internal signals, combined with domain-011
specific stopping triggers. Experiments on012
the MATH500 benchmark show that our ap-013
proach can reduce 30% of the generation to-014
kens on average while maintaining competi-015
tive accuracy (within 5% of the no-stopping016
baseline). We compare against recent over-017
thinking mitigation methods and demonstrate018
that our method achieves a favorable balance019
of efficiency and reliability without requiring020
additional training or external calibration. Fi-021
nally, we discuss interpretability insights and022
future directions for understanding and inter-023
vening in overthinking behavior in LLMs.024

1 Introduction025

Advanced large language models (LLMs) have026

demonstrated strong reasoning capabilities by027

generating extended chain-of-thought (CoT) solu-028

tions. However, a growing body of recent work029

has shown that such reasoning is often excessive:030

models frequently produce far more intermediate031

steps than necessary, especially on simpler prob-032

lems, leading to wasted computation and, in some033

cases, degraded accuracy (Chen et al., 2025; Pu034

et al., 2025). This phenomenon, commonly re-035

ferred to as overthinking, typically manifests as036

repetitive, redundant, or overly detailed explana-037

tions that do not meaningfully contribute to the fi-038

nal answer.039

Despite increasing recognition of this issue,040

effectively managing overthinking remains chal-041

lenging. To our knowledge, several problems re-042

Okay, the user is asking "1+2=". Let me think about how to approach this. First, I 
need to recall the basic arithmetic operation. Addition is when you combine two 

numbers. So 1 plus 2 should be 3. But wait

1+2=

Correct answer OverthinksSemantic drift

Figure 1: An illustration of overthinking: the model
generates redundant or repetitive reasoning steps that
do not improve the final answer.

main open: (1) Definition: how to precisely char- 043

acterize overthinking in a reasoning trace; (2) De- 044

tection: how to identify early signals that a model 045

is entering an unproductive reasoning regime; (3) 046

Interpretation: how internal or observable indi- 047

cators (e.g., output patterns or logit behavior) re- 048

late to overthinking; and (4) Intervention: how to 049

halt or redirect generation before unnecessary rea- 050

soning accumulates. In this work, we attempt to 051

address these problems, focusing on the detection 052

and intervention. We introduce an operational def- 053

inition of overthinking grounded in repetition and 054

hedging cues in the generated text (Section 3), and 055

propose a dynamic stopping criterion that moni- 056

tors model outputs in real time to decide when to 057

terminate generation. Our stopping framework is 058

lightweight, primarily output-based, and applica- 059

ble to any LLM, with an optional grey-box exten- 060

sion, and requires no additional training. 061

The contributions of this paper are: (i) a novel 062

dynamic stopping framework for mitigating over- 063

thinking, which uses a continuously updated over- 064

thinking score and other criteria to decide when 065

to stop generation; (ii) a thorough evaluation on 066

mathematical reasoning tasks demonstrating that 067

our method significantly reduces generation length 068

with minimal impact on accuracy; (iii) analy- 069

sis comparing our approach with existing base- 070

lines and highlighting differences in assumptions 071

and performance; and (iv) an expanded discus- 072

sion on interpretability and future work, outlining 073

how tools like the logit lens and attention analy- 074
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sis could further illuminate overthinking in LLMs.075

We believe our approach is a step towards more076

efficient and controllable reasoning in large lan-077

guage models, aligning with the broader goal of078

intelligent test-time computation scaling.079

2 Related Work080

Overthinking in long reasoning. Overthinking081

in chain-of-thought generation has drawn attention082

as a key inefficiency of test-time scaling: mod-083

els may spend many additional tokens on prob-084

lems that do not benefit from extended reasoning.085

Chen et al. (2025) provide a comprehensive study086

of overthinking in long reasoning settings and087

propose mitigation strategies, with evaluation on088

benchmarks including GSM8K, MATH500, and089

AIME.090

Token-budgeting and calibration-based decod-091

ing. A prominent line of work views overthink-092

ing as a calibration problem: for each question093

there exists an (unknown) compute budget beyond094

which additional tokens have diminishing returns.095

Pu et al. (2025) introduce THOUGHTTERMINA-096

TOR, a black-box decoding method that dynam-097

ically allocates a token budget based on an esti-098

mated problem difficulty, and propose DUMB500099

as a stress test for overthinking on extremely easy100

problems. Their approach conditions generation101

on approximate difficulty and intervenes during102

decoding to encourage fewer tokens on easy in-103

stances and more on hard instances.104

Budget forcing and supervised test-time scal-105

ing. Another related direction is budget forc-106

ing as part of a broader test-time scaling recipe.107

Muennighoff et al. (2025) present s1, which com-108

bines supervised fine-tuning on curated reason-109

ing traces with budget forcing mechanisms that110

can either truncate thinking or encourage addi-111

tional deliberation by appending tokens (e.g., a112

special “[WAIT]” token) when the model tries to113

stop early. Because s1 involves fine-tuning and114

carefully orchestrated decoding, it differs from115

training-free early stopping methods; however, it116

is conceptually connected through explicit control117

of test-time compute.118

Dynamic early exit during generation. Most119

closely related to our method are training-free ap-120

proaches that attempt to detect when to stop during121

generation. Yang et al. (2025) propose DEER (Dy-122

namic Early Exit in Reasoning), which monitors123

Text 
Input

Generation 
Step

Heuristic 
Computation
(e.g., Self-

similarity, Hedge 
Ratio)

Final Answer 
Match

EOS Match

Mismatch
Count

Tscore >
Threshold

Final Answer

Figure 2: Overview of our dynamic stopping frame-
work. After each generation step, we compute heuris-
tic signals (e.g., self-similarity, hedge density) and cal-
culate a tscore indicating potential overthinking. If the
score exceeds a threshold, we inject a stop directive and
collect the model’s final answer.

potential reasoning transition points (e.g., occur- 124

rences of “Wait”) and prompts the model to pro- 125

duce trial answers at these moments; early exiting 126

decisions are then based on the model’s confidence 127

in the trial answer (using internal logits or an en- 128

semble of checks). This design is effective when 129

transition cues are frequent and confidence estima- 130

tion is reliable, but it can depend on the presence 131

of particular lexical markers and requires access 132

to token-level probabilities to implement the deci- 133

sion rule. 134

Our position. Our method is training-free and 135

targets online detection of unproductive continu- 136

ations using signals computed from the model’s 137

own output (semantic repetition and hedging cues) 138

together with lightweight consistency checks. Un- 139

like difficulty-calibration methods, we do not re- 140

quire an explicit difficulty predictor; unlike meth- 141

ods operationalizing stopping via fixed cue to- 142

kens or special prompts, we make no strong as- 143

sumptions about specific lexical markers. In Sec- 144

tion 6, we compare directly with THOUGHTTER- 145

MINATOR and DEER under a consistent single- 146

shot evaluation protocol. 147

3 Dynamic Overthinking Detection and 148

Stopping Framework 149

Our framework monitors the model’s chain-of- 150

thought as it is generated and triggers an early 151

stop when it detects signs of overthinking. We 152

achieve this through a combination of immedi- 153

ate stop triggers and a continuously updated over- 154

thinking score that quantifies the model’s tendency 155

to overthink at each step (Figure 2). We describe 156
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the main components below.157

3.1 Immediate Termination Triggers158

Certain signals indicate overthinking so strongly159

that we terminate generation as soon as they ap-160

pear, overriding other criteria. Specifically:161

• Final-Answer Indicators: If the model162

produces a known end-of-reasoning token163

or phrase (e.g., an explicit token like164

⟨End of Solution⟩ or a phrase such165

as “final answer”,“boxed”,“correct answer”,166

“best answer”), we interpret that the model167

is ready to give a final answer. We allow a168

small number (here 2) of such occurrences;169

on the second instance of a final-answer indi-170

cator, we stop the reasoning and prompt the171

model to output the final answer immediately172

(to avoid the model stating multiple “final”173

answers). We also use a counter for word174

“answer” for a high count of 30 or similar as175

its a frequently used word.176

• Logit Lens Mismatch: We employ a simple177

logit lens analysis during generation (Nos-178

talgebraist, 2020). After each new token in179

the reasoning, we examine the model’s next-180

token prediction distribution from an earlier181

layer of the network (we use a middle layer182

as a probe). If the token that was actually183

chosen by the model at the output layer has184

low probability according to the probe layer’s185

distribution, this indicates a mismatch or sur-186

prise in the model’s token choice, which can187

signal confusion or a shift in context. Our188

framework counts these mismatches cumula-189

tively. If the count of significant mismatches190

exceeds a threshold (set to 35 in our exper-191

iments), we trigger an immediate stop, hy-192

pothesizing that the model’s hidden state has193

diverged considerably from a confident tra-194

jectory. This criterion is inspired by observa-195

tions that a sudden spike in token-level incon-196

sistencies often precedes the model reaching197

a correct answer or drastically changing its198

approach (a phenomenon we term “seman-199

tic drift” following a confusion spike). The200

logit-lens mismatch trigger is not required for201

the framework to function and serves primar-202

ily as a safety net in rare pathological cases.203

These immediate triggers act as hard safety204

nets. In practice, the final-answer indicator is cru-205

cial for problems where the model might other-206

wise continue explaining after arriving at an an-207

swer, and the mismatch trigger is a proxy for 208

catching severe reasoning derailments. In our ab- 209

lation studies (Section 5.2 and table 3), we analyze 210

the impact of removing these triggers. 211

3.2 Dynamic Overthinking Score 212

Beyond the hard triggers above, our core contribu- 213

tion is a dynamic overthinking score (tscore) that 214

is computed for each new sentence (or reason- 215

ing step) the model generates. Each Sentence is 216

identified by punctuation marks. The intuition is 217

to continuously estimate how likely the model is 218

overthinking at this point, based on features of the 219

generated text itself. We consider three key fea- 220

tures: 221

1. Semantic Similarity (Sim): We compute the 222

maximum cosine similarity between the em- 223

bedding of the current sentence and the em- 224

beddings of all previous sentences in the rea- 225

soning so far. A high similarity suggests the 226

model might be essentially repeating a point 227

it already made earlier, which is a strong 228

sign of overthinking or circling on the same 229

idea. We use sentence embeddings from a 230

pre-trained model (all-MiniLM-L6-v2), up- 231

dating all embeddings as the output grows. 232

2. Repetition Ratio (RepRatio): This metric 233

captures how much the model is reusing ex- 234

act tokens or phrases. We define RepRa- 235

tio as the fraction of n-grams in the cur- 236

rent sentence that have appeared before in 237

the model’s output. In implementation, we 238

use a simplified approximation: we track if 239

a sentence is paraphrasing a previous one 240

by checking if its similarity with any prior 241

sentence exceeds a threshold. This yields a 242

coarse repetition fraction. 243

3. Hedge Score (Hedge): We count occur- 244

rences of hedging or stalling words in the 245

current sentence (e.g., “maybe”, “I think”, 246

“let me double-check”, “however”) and di- 247

vide by the sentence length. A high density 248

of tentative or self-correcting phrases indi- 249

cates the model might be stalling or second- 250

guessing itself. The full list of hedging mark- 251

ers used to compute the Hedge signal is pro- 252

vided in Appendix C. 253

At each step, we combine these features into the 254

overthinking score: 255

tscore = λ1 ·Sim+λ2 ·RepRatio+λ3 ·Hedge , (1) 256

with λ1 + λ2 + λ3 = 1. We chose a weighted 257
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linear combination as it provides flexibility to cap-258

ture different manifestations of overthinking. The259

weights λ1, λ2 and λ3 are hyperparameters.260

We compare tscore against a threshold τ (tuned261

to 0.925). If tscore > τ for the current sentence, it262

indicates a high likelihood of overthinking, and we263

prepare to trigger a stop. If tscore remains below τ ,264

generation continues normally.265

Activation Delay: We do not activate the tscore266

mechanism from the very start of generation. To267

avoid spurious triggers when the model is just be-268

ginning to work on the problem, we introduce an269

activation length Lact. The framework ignores270

tscore (and mismatch count) for the first Lact to-271

kens of the model’s output, relying only on the272

final-answer indicator in that initial phase. We set273

Lact = 160 tokens based on preliminary experi-274

ments. In practice, this allows the model to lay out275

an approach without interruption.276

3.3 Intervention and Stopping Mechanism277

Once the framework is active, as the model gen-278

erates each new sentence, we perform the checks279

above:280

1. If any immediate termination trigger fires281

(e.g., a final answer phrase is repeated, or282

mismatch count exceeds threshold), we halt283

the generation at once.284

2. Otherwise, we compute tscore for the new sen-285

tence. If tscore > τ , we interpret this as286

the model entering an overthinking regime.287

At this point, we intervene by instructing the288

model to stop reasoning.289

The intervention is implemented by injecting a290

final prompt to the model to produce the answer291

directly. Specifically, we append a short directive292

to the model’s context: “[STOP] Provide the final293

answer now in one sentence.” (In our experi-294

ments with math problems, we used a phrasing:295

### Final answer only. Do not296

explain. Just output the answer297

in 35 tokens or less:, to align with298

the prompt format.) This causes the model to299

output the final answer it has in mind, without300

any further reasoning. By doing so, we cut off301

the chain-of-thought at an opportune moment and302

prevent additional redundant steps. The model’s303

answer is then compared to the ground truth for304

evaluation.305

Our stopping criteria aim to intervene just af-306

ter the model has likely found a solution or when307

continuing would mostly yield repetition. If the 308

model truly has not solved the problem yet (and 309

is not looping), tscore tends to remain below the 310

threshold, allowing reasoning to continue. In Sec- 311

tion 5, we show that our method preserves ac- 312

curacy on difficult problems while dramatically 313

reducing tokens on easier ones, demonstrating 314

difficulty-sensitive adaptation. 315

4 Experiments and setup 316

4.1 Dataset and Tasks 317

We primarily evaluate on MATH500, a benchmark 318

of 500 challenging math word problems derived 319

from the MATH dataset (Hendrycks et al., 2021). 320

MATH500 is well-suited for testing overthinking 321

because it contains problems of varying difficulty 322

(some can be solved in a few steps, others require 323

extended reasoning), and it was used by prior over- 324

thinking mitigation work for evaluation (Pu et al., 325

2025; Yang et al., 2025). We use the standard test 326

split for MATH500. 327

We also evaluate on two additional reasoning- 328

intensive benchmarks to test generalization: the 329

GPQA dataset (Graduate-Level Problem QA) 330

(Rein et al., 2023) and the Misguided Attention 331

dataset (cpldcpu, 2025). We observe similar trends 332

on CommonsenseQA (Talmor et al., 2019). These 333

represent different domains (scientific QA, com- 334

mon sense reasoning and robustness to distrac- 335

tors). Due to space constraints, details and results 336

for these datasets are presented in Appendix A. 337

4.2 Models 338

We experiment with open-weight large language 339

models from the DeepSeek-R1 and LLaMA fam- 340

ilies (DeepSeek-AI, 2025). In particular, we eval- 341

uate DeepSeek-R1-8B variants, which are fine- 342

tuned for mathematical and logical reasoning and 343

are comparable in scale to LLaMA-8B mod- 344

els trained with reasoning distillation. These 345

reasoning-specialized models frequently produce 346

overly long chains of thought on benchmarks such 347

as MATH500, making them a suitable testbed for 348

studying overthinking and dynamic stopping. All 349

model inference is performed using 4-bit quantiza- 350

tion for efficiency, and the same quantization set- 351

ting is applied uniformly across all baselines to en- 352

sure a fair comparison. 353

We additionally evaluate LLaMA-3.1 8B In- 354

struct (Meta AI, 2024), a general-purpose 355

instruction-tuned language model, to assess 356
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whether dynamic stopping generalizes beyond357

reasoning-specialized models. The results are358

mentioned in Sections 1 and 5.359

4.3 Decoding Strategies360

We consider three decoding settings for gener-361

ating the chain-of-thought: (1) Greedy decoding362

(T = 0), which yields a deterministic CoT; (2)363

Near-deterministic sampling, with an extremely364

low temperature (T = 10−7) and nucleus sam-365

pling (p = 0.95), which preserves determinism366

in practice while still using the sampling inter-367

face; and (3) Low-temperature stochastic decod-368

ing, with T = 0.6 and p = 0.95, which intro-369

duces moderate randomness allowing exploration370

of different reasoning trajectories. Unless oth-371

erwise specified, all main results use the near-372

deterministic setting, but we verified that our stop-373

ping framework remains effective under both fully374

greedy and moderately stochastic decoding.375

4.4 Implementation and Hyperparameter376

Tuning377

We implemented our framework to work with378

7B–13B scale transformer models (in particular,379

the DeepSeek series of LLMs, similar to LLaMA380

in architecture). Optuna was used for hyperparam-381

eter tuning. We ran 50 trials on a held-out set, us-382

ing tree-structured Parzen estimators to guide the383

search. The parameters tuned included the weights384

λ1, λ2, λ3 in tscore, the threshold τ , the mismatch385

count threshold, and the activation length Lact.386

Each trial evaluated 20 sample problems. The387

search suggested a threshold τ ≈ 0.93, a mis-388

match threshold at the maximum tested (35), and389

Lact ≈ 160. We fixed these values and λ as390

λ1 = 0.50, λ2 = 0.375, and λ3 − 0.125 for all391

final experiments, and found they generalized well392

across model sizes.393

4.5 Evaluation Metrics394

Primary metrics. We evaluate each method us-395

ing two primary metrics that directly reflect effec-396

tiveness and efficiency:397

• Accuracy: Whether the final answer pro-398

duced is correct. For mathematical problems,399

we strip formatting (e.g., remove any boxed)400

and compare against the ground truth, allow-401

ing minor numeric or symbolic equivalences402

(via SymPy).403

• Tokens Generated: The total number of to-404

kens produced in the chain-of-thought be-405

fore the final answer. This serves as our 406

main proxy for inference-time computation. 407

We report average tokens per problem and 408

relative token savings compared to the no- 409

stopping baseline. 410

Analysis and diagnostic metrics. In addition to 411

the primary evaluation metrics above, we compute 412

several auxiliary metrics to analyze the behavior of 413

the proposed stopping mechanism and to illustrate 414

how overthinking manifests during generation: 415

• Mismatch Frequency: The average number 416

of logit-lens mismatch events per problem 417

(Section 3), used as a diagnostic of internal 418

inconsistency during reasoning. 419

• Semantic Drift: The average cosine distance 420

between embeddings of reasoning sentences 421

and the problem statement, measuring topical 422

drift over the course of generation. 423

• Repetition Rate: The fraction of non- 424

stopword tokens in a solution that have ap- 425

peared earlier in the same solution, capturing 426

redundancy and looping behavior. 427

These diagnostic measures are not used for 428

model selection or quantitative comparison across 429

methods, but serve to illustrate the qualitative ef- 430

fects of dynamic stopping. Our evaluation script 431

extracts the final answer from halted generations 432

using consistent regex-based parsing for all meth- 433

ods, following prior work (e.g., Yang et al., 2025), 434

ensuring fair comparison. 435

Following prior work on overthinking and test- 436

time scaling, we measure efficiency primarily in 437

terms of the number of generated tokens, which 438

directly reflects model-side computation and in- 439

ference cost under fixed decoding settings. Wall- 440

clock runtime depends on implementation and 441

hardware characteristics and is therefore reported 442

in the appendix for reproducibility. 443

4.6 Baselines 444

We compare our dynamic stopping framework 445

against the following baselines: 446

(1) Vanilla CoT: the model generates a full 447

chain-of-thought and final answer without inter- 448

vention, reflecting the original overthinking-prone 449

behavior. 450

(2) Fixed Budget: reasoning is truncated af- 451

ter a fixed number of tokens (256), illustrating the 452

trade-off between computation and accuracy un- 453

der aggressive stopping. 454

(3) ThoughtTerminator (Pu et al., 2025): We 455
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simulate ThoughtTerminator using a fixed 5000-456

token budget with periodic (every 250 tokens)457

budget reminders and omit difficulty prediction to458

avoid task-specific training or oracle assumptions.459

This conservative upper-bound configuration pre-460

serves reasoning capacity but empirically results461

in lower accuracy than the baseline while achiev-462

ing only ∼2% token savings, suggesting that con-463

stant prompting alone is ineffective for reducing464

overthinking.465

(4) DEER (Yang et al., 2025): we use the au-466

thors’ released implementation. DEER monitors467

for cue tokens (e.g., “Wait”) during generation and468

injects a prompt for a trial final answer when such469

cues appear. We evaluate DEER under a single-470

answer protocol.471

(5) s1 (Simple Test-Time Scaling) (Muen-472

nighoff et al., 2025): s1 relies on supervised fine-473

tuning and special tokens to control reasoning474

length. As this is outside our training-free scope,475

we include s1 for discussion only and refer to re-476

ported results where appropriate.477

5 Results and Analysis478

5.1 Main Results479

Table 1 summarizes accuracy and average genera-480

tion length on MATH500 for our method and base-481

lines.482

Results on DeepSeek-R1. Without any stop-483

ping, DeepSeek-R1-8B achieves high accuracy484

(82.6%) but produces very long chains-of-thought485

(around 2700 tokens per problem on average, with486

a cap at 5000 tokens). This is computationally ex-487

pensive. A fixed budget of 256 tokens dramati-488

cally reduces length (over 90% fewer tokens) but489

yields only 50.5% accuracy, as many problems re-490

quire more reasoning steps than the budget allows.491

The ThoughtTerminator strategy (with a 5000-492

token budget) achieves 69.6% accuracy while493

barely reducing token usage (only ∼2% savings),494

indicating that static or weakly adaptive bud-495

gets alone are insufficient to mitigate overthink-496

ing on this dataset. In contrast, DEER substan-497

tially shortens generations: on DeepSeek-R1-8B,498

DEER reduces the average chain-of-thought to ap-499

proximately 1500 tokens (saving ∼43%), but its500

pass@1 accuracy drops to around 60%. These501

results suggest that cue-based early-exit mecha-502

nisms can significantly improve efficiency but may503

incur notable accuracy degradation when confi-504

dence estimates or stopping cues are unreliable.505

Our dynamic stopping framework provides a more 506

favorable balance. Under near-deterministic de- 507

coding, it reaches 81.4% accuracy on DeepSeek- 508

R1-8B while using about 1900 tokens on aver- 509

age—a 30.5% reduction in tokens relative to the 510

no-stopping baseline. This efficiency gain comes 511

at only a minor accuracy cost (within 1.2% of the 512

baseline). On easier subsets of MATH500, our 513

method stops much earlier, yielding substantially 514

larger savings (over 60% token reduction on the 515

easiest 100 problems) without sacrificing correct- 516

ness. 517

Results on LLaMA-3.1 8B Instruct. We addi- 518

tionally evaluate our framework on LLaMA-3.1 519

8B Instruct (Meta AI, 2024), a general-purpose 520

instruction-tuned model that is not explicitly op- 521

timized for long-form mathematical reasoning. 522

In this setting for MATH500 (Hendrycks et al., 523

2021), the no-stopping baseline achieves only 524

57.4% accuracy while generating lengthy explana- 525

tions. Applying our dynamic stopping framework 526

with the same decoding setup yields a qualitatively 527

different outcome: with the standard threshold 528

(τ = 0.925), accuracy improves to 59.4% while 529

reducing reasoning tokens by 72.76%. Using a 530

more aggressive threshold (τ = 0.55) further in- 531

creases token savings to 80%, at the cost of a mod- 532

est accuracy drop (55.4%). 533

These results suggest that overthinking can be 534

actively harmful for instruction-tuned models: ex- 535

cessive chain-of-thought often manifests as spec- 536

ulative or redundant reasoning that does not im- 537

prove, and can even degrade, the final answer. In 538

such cases, dynamic stopping not only improves 539

efficiency but can also improve accuracy by trun- 540

cating unproductive continuation. 541

Overall, across both reasoning-specialized 542

(DeepSeek-R1) and instruction-tuned (LLaMA- 543

3.1) models, dynamic stopping consistently adapts 544

reasoning length on the fly and offers a strong ac- 545

curacy–efficiency trade-off. Compared to static 546

truncation or cue-based early exit, it provides 547

a unified mechanism that mitigates overthinking 548

without relying on fixed budgets, external diffi- 549

culty predictors, or task-specific lexical cues. 550

In addition to average performance, we ob- 551

served that an overly aggressive stopping policy 552

can severely hurt accuracy. For example, our ini- 553

tial prototype cut about 60% of tokens but an- 554

swered only 50% of questions correctly, under- 555

scoring the importance of carefully tuning the 556
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Dataset Method Model / Decode Acc. (%) Avg Tokens Tokens Saved (%)

MATH500 Vanilla CoT DS-R1-8B, T = 10−7 82.6 2700 0.0
Fixed Budget DS-R1-8B, 256 tokens 50.5 256 90.5
ThoughtTerminator DS-R1-8B, T = 10−7 69.6 2500 2.0
DEER (official) DS-R1-8B, T = 0 60.2 1532 43.3
DEER (official) DS-R1-8B, T = 10−7 60.0 1525 43.5
Ours (Dynamic Stop) DS-R1-8B, T = 10−7 81.4 1900 30.5

Vanilla CoT LLaMA-3.1-8B Instruct, T = 10−7 57.4 4555 0.0
Ours (Dynamic Stop) LLaMA-3.1-8B Instruct, T = 10−7 59.4 1241 72.76

GPQA Vanilla CoT DS-R1-8B, T = 10−7 42.85 – 0.0
Ours (Dynamic Stop) DS-R1-8B, T = 10−7 40.84 – 30.92

Vanilla CoT LLaMA-3.1-8B Instruct, T = 10−7 29.67 – 0.0
Ours (Dynamic Stop) LLaMA-3.1-8B Instruct, T = 10−7 30.0 – 62.0

CSQA Vanilla CoT DS-R1-8B, T = 10−7 59.56 – 0.0
Ours (Dynamic Stop) DS-R1-8B, T = 10−7 58.9 – 26.76

Table 1: Main results across datasets and models. DS-R1 denotes DeepSeek-R1. Tokens Saved are reported
relative to the corresponding Vanilla CoT baseline under the same decoding setting. DEER results use the authors’
released implementation and are evaluated under a pass@1 (single-answer) protocol.

stopping criteria. Our final approach achieves a557

much better balance (81% accuracy with 30% to-558

ken reduction).559

5.2 Ablation Studies560

We ablated each component of our framework to561

assess its contribution: Removing the dynamic562

tscore (i.e., disabling the score-based trigger and563

relying only on the final-answer and mismatch564

triggers) drastically reduces the framework’s ef-565

fectiveness. In this variant, the model rarely stops566

early unless it explicitly says a final answer. Token567

savings dropped to 18%, and accuracy slightly de-568

creased to 80.4%, meaning the framework inter-569

vened too seldom to yield benefits.570

Removing the mismatch trigger (while keep-571

ing tscore) had negligible effect on results (tokens572

saved remained 31%, accuracy 78.4%). This in-573

dicates that the mismatch condition was rarely the574

deciding factor on MATH500. It serves as a safety575

net for pathological cases (e.g., when the model’s576

hidden state diverges without obvious repetition in577

text), but such cases were uncommon in this set-578

ting. Removing mismatch changes tokens count579

by 1% and accuracy by 2%.580

We also tested variations of the overthinking581

score. Using only the similarity and hedge com-582

ponents (omitting RepRatio) reduced token sav-583

ings to 24%, as the system became less sensi-584

tive to subtle content reuse. Using only similarity585

and repetition (omitting hedge) had little impact586

on the stop decisions, suggesting the hedge sig-587

nal is secondary. Overall, the semantic similarity588

feature was the most critical: without it, the sys- 589

tem failed to detect many looping behaviors, un- 590

derscoring the importance of capturing semantic 591

redundancy. 592

6 Discussion 593

What are the underlying reasons behind a suc- 594

cessful overthinking mitigation method? Here, 595

we make a mechanistic comparison between our 596

method and the baselines. 597

Table 2 contrasts our approach with Thought- 598

Terminator (Pu et al., 2025), DEER (Yang et al., 599

2025), and s1 (Muennighoff et al., 2025) along key 600

dimensions. ThoughtTerminator imposes a top- 601

down plan by setting a token budget in advance. 602

This framing aligns with prior work on difficulty- 603

aware or budget-calibrated inference for reasoning 604

models (Pu et al., 2025; Shen et al., 2025). Such 605

approaches require either external predictors or 606

engineered prompts to guide generation, and their 607

effectiveness hinges on accurate calibration. In 608

practice, mispredictions can either truncate needed 609

reasoning or allow overthinking to persist, a fail- 610

ure mode explicitly discussed in prior work (Pu 611

et al., 2025; Chen et al., 2025). Our method, by 612

contrast, is bottom-up: it monitors the model’s 613

behavior and adapts on the fly without any prior 614

knowledge of problem difficulty. 615

DEER (Yang et al., 2025) takes a cue-based dy- 616

namic exit strategy, prompting for a final answer 617

when certain tokens (like “Wait”) appear. This 618

design is conceptually related to earlier dynamic 619

7



early-exit mechanisms in neural networks, where620

intermediate signals trigger inference termination621

(Xin et al., 2020; Liu et al., 2020). DEER can622

save many tokens and even avoid some errors by623

cutting off self-contradictory reasoning. However,624

DEER depends on the presence of specific lexical625

cues and uses internal confidence checks (via log-626

its or multiple attempts) to decide whether to ac-627

cept a trial answer. This reliance on internal model628

signals and confidence estimation makes faithful629

implementation challenging in strictly black-box630

settings. In our experiments, DEER’s benefits also631

diminish in single-shot evaluations (we observed632

a noticeable accuracy drop on the 8B model), pos-633

sibly because it lacked the second-chance oppor-634

tunities permitted in its original evaluation proto-635

col. Our approach does not rely on any particular636

cue token or multiple answer attempts; instead, it637

halts when output-derived signals suggest dimin-638

ishing returns, treating the model as a black box639

aside from a lightweight logit probe (Nostalge-640

braist, 2020).641

The s1 method involves supervised fine-tuning642

and special tokens to encourage or limit reasoning643

depth, placing it within a broader class of test-time644

scaling approaches that explicitly control compu-645

tation through training-time interventions (Muen-646

nighoff et al., 2025). While this yields explicit647

control over reasoning length, it comes at the cost648

of additional training and integration of new to-649

kens into the model’s vocabulary and decoding be-650

havior. In contrast, our framework operates en-651

tirely at test time and requires no model modifica-652

tions or retraining.653

In summary, dynamic stopping is a lightweight654

yet flexible solution: it requires no extra train-655

ing or external models, no task-specific cue to-656

kens, and it generalizes across tasks by leverag-657

ing universal signs of repetitiveness and hesitation658

in the model’s own output. This perspective aligns659

with recent arguments that overthinking is best ad-660

dressed through online, behavior-aware interven-661

tion rather than fixed budgets or static heuristics662

(Chen et al., 2025; Pu et al., 2025). We view663

our approach as complementary to methods such664

as ThoughtTerminator or DEER-one could poten-665

tially combine a difficulty-based prior with our on-666

line signals for even better performance, which is667

an exciting avenue for future work.668

Method Extra Training? External Info Access Needed

ThoughtTerm. No Difficulty predictor Prompt control
DEER No None (cue-based) Logits (confid.)
s1 Yes (finetune) None (static) Special tokens
Ours No None Output only

Table 2: Comparison of early stopping methods. “Ex-
ternal Info” denotes reliance on external predictors or
cues beyond the model’s raw output.

7 Conclusion 669

We propose a dynamic stopping framework that 670

mitigates overthinking in large language mod- 671

els by monitoring output-derived signals such 672

as semantic repetition, similarity, and hedging, 673

and intervening when continued reasoning be- 674

comes unproductive. Across challenging rea- 675

soning benchmarks, our method achieves sub- 676

stantial efficiency gains, reducing generated to- 677

kens by approximately 30% on the reasoning- 678

specialized DeepSeek-R1-8B model (DeepSeek- 679

AI, 2025) with only minor accuracy loss, and out- 680

performing both static truncation and prior adap- 681

tive stopping approaches. Importantly, the frame- 682

work generalizes to instruction-tuned models: on 683

LLaMA-3.1 8B (Meta AI, 2024), it reduces rea- 684

soning tokens by over 70% and can even im- 685

prove accuracy, suggesting that excessive chain- 686

of-thought generation may be harmful in such set- 687

tings. By operationally defining overthinking as 688

low-information or repetitive reasoning and de- 689

tecting it online without modifying model weights, 690

introducing special tokens, or relying on external 691

difficulty predictors, this work demonstrates that 692

dynamic intervention during generation provides 693

a flexible and effective path toward more efficient 694

and controllable reasoning across diverse model 695

families. 696

8 Limitations and Future Directions 697

Our framework relies on a small set of inter- 698

pretable, output-derived indicators (e.g., seman- 699

tic repetition and hedging) to detect unproductive 700

reasoning. While these signals are heuristic by 701

design, empirical results across multiple datasets 702

(MATH500, GPQA, CSQA, and Misguided At- 703

tention) and decoding regimes show that they cap- 704

ture a wide range of overthinking behaviors in 705

practice. We do not claim that these indicators ex- 706

haustively characterize all possible failure modes 707

of long-form reasoning. 708

Although our primary evaluation emphasizes 709

mathematical reasoning, we intentionally include 710

8



benchmarks from distinct domains with differ-711

ent sources of uncertainty and structure. The712

consistent trends observed across scientific QA,713

commonsense reasoning, and robustness-focused714

datasets suggest that overthinking is a general phe-715

nomenon rather than a domain-specific artifact.716

Nevertheless, extending the framework to new717

tasks may benefit from incorporating additional718

task-aware signals or adapting thresholds based on719

domain characteristics.720

Our method also introduces several stopping-721

related hyperparameters. Extensive ablation stud-722

ies indicate that the framework is not brittle723

and degrades gracefully under parameter pertur-724

bations, though optimal settings may vary slightly725

across models or deployment contexts. Automat-726

ing or learning these settings remains an important727

direction.728

Looking forward, a key opportunity is deeper729

interpretability of overthinking. While this work730

focuses on detection and intervention, understand-731

ing why models overthink and how this behav-732

ior emerges internally remains open. More de-733

tailed logit-lens analyses could reveal early con-734

vergence signals before a final answer is pro-735

duced, while attention-based analyses may un-736

cover whether overthinking correlates with atten-737

tion drift or oscillation between prior steps.738

We also plan to explore trajectory-based anal-739

yses that compare a model’s reasoning path740

against reference minimal solutions. Devi-741

ations—measured via embedding similarity or742

alignment scores—may help identify the onset of743

unproductive continuation. Relatedly, probabilis-744

tic modeling of reasoning-step embeddings could745

provide softer, uncertainty-aware stopping signals.746

Finally, while the current framework is rule-747

based, future work could investigate learned de-748

tectors of overthinking. Lightweight classifiers749

trained on reasoning traces labeled as “on-track”750

or “overthinking,” potentially using larger models751

to supervise smaller ones, could offer more flexi-752

ble and robust stopping decisions.753
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A Additional Results on Other Datasets821

We provide additional evaluation on two822

reasoning-intensive benchmarks beyond823

MATH500 to demonstrate the generality of824

our approach.825

Graduate-Level Problem QA (GPQA). GPQA826

(Rein et al., 2023) consists of challenging827

multiple-choice questions from graduate-level828

STEM domains (physics, chemistry, biology, etc.).829

These questions require multi-step conceptual rea-830

soning rather than straightforward calculation. On831

GPQA extended, our dynamic stopping frame-832

work consistently reduced the length of expla-833

nations with only a modest impact on answer834

accuracy. Specifically, the no-stopping baseline835

achieved an accuracy of 42.85%, while DeepSeek-836

R1-8B with our dynamic stopping framework837

achieved 40.84% accuracy while reducing the av-838

erage number of generated reasoning tokens by839

30.92%. In qualitative analysis, we observed840

that the framework prevented redundant rephras-841

ing and speculative tangents that the model often842

produces when uncertain.843

We further evaluate our approach on LLaMA-844

3.1 8B Instruct (Meta AI, 2024), a general-845

purpose instruction-tuned model. In this setting,846

the no-stopping baseline achieves an accuracy of847

29.67%, reflecting the difficulty of GPQA for848

non-reasoning-specialized models. Applying dy-849

namic stopping yields a slight accuracy improve-850

ment to 30.0% while reducing reasoning tokens851

by 62%. This result suggests that, for instruction-852

tuned models, excessive chain-of-thought genera-853

tion can lead to speculative or low-confidence rea-854

soning, and that truncating such continuation can855

simultaneously improve efficiency and final an-856

swer quality.857

Overall, these results indicate that overthink-858

ing also arises in scientific question answering,859

and that output-based signals—particularly se-860

mantic repetition and hedging—can effectively861

identify stalling or unproductive reasoning across862

both reasoning-specialized and instruction-tuned863

model families without substantially degrading864

performance.865

CommonsenseQA (CSQA). We additionally 866

evaluate our framework on the CommonsenseQA 867

(Talmor et al., 2019) benchmark, which empha- 868

sizes commonsense reasoning rather than sym- 869

bolic computation. Under near-deterministic de- 870

coding, the no-stopping baseline achieves an ac- 871

curacy of 59.56%, while our dynamic stopping 872

framework attains 58.9% accuracy, with a reduc- 873

tion of 26.76% in generated reasoning tokens. Al- 874

though this represents a modest accuracy drop, the 875

substantial reduction in reasoning length indicates 876

that overthinking also manifests in commonsense 877

reasoning as redundant or speculative continua- 878

tion. 879

Misguided Attention Benchmark. The Mis- 880

guided Attention dataset (cpldcpu, 2025) tests 881

whether models can maintain focus on relevant in- 882

formation when presented with distracting or mis- 883

leading context. Models often overthink in this 884

setting by repeatedly attending to irrelevant de- 885

tails, leading to verbose but unproductive chains- 886

of-thought. With our stopping mechanism, we 887

found that high semantic repetition and logit mis- 888

matches tended to coincide with these attention 889

misalignments. The dynamic stopping triggered 890

early in such cases, significantly shortening the 891

reasoning traces while preserving the correctness 892

of the final answers. This indicates that our over- 893

thinking score captures not only repetition but also 894

the effect of attention drift (as this often leads to 895

loops in the explanation). Overall, on both GPQA 896

and Misguided Attention, our method achieved 897

similar efficiency gains as in MATH500, with no 898

significant drop in performance, highlighting its 899

applicability beyond math problems. 900

B Wall-Clock Runtime and 901

Implementation Details 902

(Reproducibility) 903

All runtime measurements are reported for com- 904

pleteness and reproducibility and should be inter- 905

preted with care. The reported wall-clock times 906

were obtained using a research prototype imple- 907

mentation that prioritizes clarity and modularity 908

over execution speed. As such, the implemen- 909

tation does not incorporate standard performance 910

optimizations such as embedding caching, batched 911

similarity computation, asynchronous execution, 912

or kernel fusion. 913

Experiments were conducted on a system with 914

4 NVIDIA A6000 GPUs, with the 500 MATH500 915
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Setting Decoding Acc. (%) Tokens Saved (%)

Vanilla CoT (no stopping) Near-det. (T = 10−7) 82.6 0.0

Full (Optuna-tuned) Near-det. (T = 10−7) 81.4 30.5
No tscore (triggers only) Near-det. (T = 10−7) 81.4 17.55
Full (Optuna-tuned) Stochastic (T = 0.6) 76.2 30.0

Table 3: Ablation study on MATH500 with DeepSeek-R1-8B. “No tscore” disables the continuous overthinking
score and retains only hard stopping triggers. Tokens Saved are computed relative to Vanilla CoT under the same
decoding setting.

problems split into four disjoint batches (120, 130,916

120, and 130 problems), each processed indepen-917

dently on a separate GPU. All batches were ex-918

ecuted in parallel, and reported runtimes corre-919

spond to the wall-clock time of the slowest batch920

(130 problems), which determines the end-to-end921

runtime.922

Under this setup, the vanilla chain-of-thought923

baseline required approximately 4 hours per batch,924

while our dynamic stopping framework required925

approximately 4 hours and 40 minutes per batch.926

This difference reflects additional controller-side927

computations (e.g., online embedding similarity,928

repetition statistics, and logit probe evaluation)929

and implementation-level overhead, rather than930

fundamental increases in model-side inference931

cost.932

We note that absolute wall-clock runtime can933

vary substantially depending on multiple fac-934

tors, including GPU utilization, batching strategy,935

CUDA kernel scheduling, memory contention,936

system load, and environmental conditions. Con-937

sequently, we emphasize token count as the pri-938

mary and hardware-agnostic measure of inference939

efficiency, and expect the reported runtime over-940

head to be significantly reduced in an optimized941

implementation.942

C Overthinking Hedging Lexicon943

As part of the dynamic overthinking score (Sec-944

tion 3), we include a lightweight hedging signal945

that captures tentative, self-corrective, or stalling946

language in the model’s generated reasoning. This947

signal is computed using a small, manually cu-948

rated lexicon of discourse markers and phrases949

commonly associated with hesitation, revision, or950

redundant explanation.951

Table 4 lists the hedging words and phrases used952

in our experiments. The lexicon is not intended953

to be exhaustive or linguistically precise; rather,954

it serves as a coarse heuristic that complements955

Hedging and Overthinking Markers

Classic hedges: but, however, though, although, yet, still,
maybe, perhaps, possibly, probably, apparently, seems, ap-
pear
Hesitation markers: wait, hold on, actually, in fact, well,
hmm, uh, erm, alternatively
Self-doubt and correction: I think, I guess, I suppose, I
believe, not sure, unsure, uncertain, let me, let’s see, on
second thought, reconsider, recalculate, retry, again, sorry,
my mistake, correction, instead
Discourse fillers: so, anyway, okay, right, well then, al-
right, as I was saying
Verbose self-explanations: what I mean, in other words, to
clarify, let me explain, let me try again

Table 4: Lexicon of hedging and overthinking-related
words and phrases used to compute the Hedge compo-
nent of the dynamic overthinking score.

repetition- and similarity-based signals. In prac- 956

tice, this component receives a relatively small 957

weight in the overall overthinking score and pri- 958

marily acts as a secondary indicator of stalled or 959

uncertain reasoning. 960
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D Additional Figures

This section presents supplementary visualizations that provide additional insight into the behavior of
our dynamic stopping framework.

Figure 3: Logit lens heatmap during chain-of-thought generation. Each column corresponds to an output token,
and each row corresponds to a transformer layer. Color intensity reflects the layer-wise logit lens probe score
(see colorbar). Localized regions of disagreement across layers illustrate mismatch patterns used by our stopping
signal.
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Figure 4: Zoomed-in logit lens heatmap highlighting token-level mismatch. This figure shows a focused subset of
Figure 3, centered on a short span of tokens where the final output token does not appear among the top predictions
of intermediate transformer layers, illustrating localized internal disagreement monitored by our mismatch-based
stopping signal.

Figure 5: Accuracy vs. tokens saved on MATH500 across stopping strategies. Each point represents a configuration
evaluated under a specific stopping mechanism. Gray circles denote baseline runs without dynamic stopping, while
colored markers correspond to variants of our framework. The red star marks the Optuna-selected configuration
achieving a favorable accuracy–efficiency trade-off.
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