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Abstract001

Large Reasoning Models (LRMs) allocate sub-002
stantial inference-time compute to Chain-of-003
Thought (CoT) reasoning, improving perfor-004
mance on mathematics, scientific QA, and tool005
usage. However, this introduces overthinking:006
LRMs often reach a correct intermediate solu-007
tion, continue reasoning, and overwrite it with008
an incorrect answer. We first demonstrate that009
oracle stopping—where we inject </think> at010
every sentence boundary and select the best011
stopping point in hindsight—improves aver-012
age accuracy by 8% while reducing think-013
ing tokens by 72%, exposing substantial over-014
thinking. Motivated by this finding, we pro-015
pose THINKBRAKE, which monitors the log-016
probability margin between the top continua-017
tion token and </think> at sentence bound-018
aries, stopping reasoning when this margin nar-019
rows. THINKBRAKE requires no training and020
achieves favorable accuracy–efficiency trade-021
offs across math, scientific QA, and tool usage022
benchmarks, reducing thinking token usage by023
up to 30%. Furthermore, we provide theoretical024
analysis showing that THINKBRAKE is equiv-025
alent to test-time realignment with a reward026
bonus for the </think> token.1027

1 Introduction028

Recent progress in Large Reasoning Models029

(LRMs) (OpenAI, 2024; Guo et al., 2025; Yang030

et al., 2025a) has demonstrated remarkable capabil-031

ities across various tasks such as mathematics, sci-032

entific QA, and tool usage. By allocating inference-033

time computation through Chain-of-Thought (CoT)034

reasoning (Wei et al., 2022), LRMs demonstrate be-035

haviors like self-correction and iterative refinement,036

actively improving performance with increased to-037

ken usage (Chen et al., 2025; Xu et al., 2025).038

However, this increased inference-time compute039

raises practical concerns about efficient reasoning040

(Feng et al., 2025), as longer trajectories introduce041

1We will release our code upon publication of the paper.

higher latency and costs. More critically, it intro- 042

duces overthinking (Zhang et al., 2025a): LRMs 043

frequently reach a correct intermediate step, only 044

to continue deliberating and overwrite it with an 045

incorrect final output (see Figure 1, left panel). 046

We first conduct a preliminary oracle analysis 047

to validate that overthinking is a genuine prob- 048

lem and that LRMs would benefit from termi- 049

nating reasoning at intermediate steps. Leverag- 050

ing the fact that recent LRMs use special tokens 051

<think> and </think> to wrap reasoning (where 052

</think> triggers answer generation), we inject 053

</think> at every sentence boundary, forcing early 054

termination at each possible reasoning step (see 055

§2). Across mathematical reasoning benchmarks 056

(GSM8K, MATH500, AIME2024, AIME2025) 057

and tool usage (Berkeley Function Calling Leader- 058

board; BFCL), this oracle approach achieves an 059

average accuracy gain of 8% while reducing rea- 060

soning tokens by 72%. This gap reveals substantial 061

recoverable headroom: many failures can be pre- 062

vented simply by stopping at the right moment (see 063

Figure 1, right panel). 064

Motivated by this oracle analysis, we introduce 065

THINKBRAKE, a practical approach to early stop- 066

ping. THINKBRAKE monitors the log-probability 067

margin between </think> and the current top to- 068

ken at sentence boundaries, stopping reasoning 069

when this margin narrows. THINKBRAKE is model- 070

agnostic, requiring only an explicit reasoning for- 071

mat with </think>. While prior works have ex- 072

plored test-time methods for reasoning efficiency 073

(Li et al., 2025; Wang et al., 2025; Laaouach, 074

2025), they often rely on hand-crafted heuristics. 075

In contrast, we provide a theoretical foundation 076

for THINKBRAKE, showing it is equivalent to KL- 077

regularized test-time realignment that assigns a 078

reward bonus to </think>, pushing the LRM to- 079

wards concise reasoning (see §3.2). 080

We evaluate THINKBRAKE on six LRMs across 081

four mathematical reasoning benchmarks (GSM8K, 082

1



How many values can be obtained from 2 " 3 " 4 " 5 + 1 by inserting parentheses?

<think> Okay, let’s see… The addition ‘+’ is fixed 
between 5 and 1… The possible ‘sum terms’ depend 
only on the prefix product: (5 + 1), (4 " 5 + 1), (3 "
4 " 5 + 1), (2 " 3 " 4 " 5 + 1)… This leads to exactly 
4 distinct values: 144, 126, 122, 121… Wait, I 
should check all 14 permutations of Catalan 4… 
</think>
The answer is 14. LRMs

<think> Okay, let’s see… The addition ‘+’ is fixed 
between 5 and 1… The possible ‘sum terms’ depend 
only on the prefix product: (5 + 1), (4 " 5 + 1), (3 "
4 " 5 + 1), (2 " 3 " 4 " 5 + 1)… This leads to exactly 
4 distinct values: 144, 126, 122, 121. </think>

The answer is 4.

User

Stop Thinking!

Figure 1: An example of LRM overthinking (left). The LRM arrives at the correct solution of 4, but continues
reasoning after “Wait” and overwrites it with an incorrect answer of 14. Appropriate early termination via </think>
injection removes overthinking and leads to the correct answer (right).

MATH500, AIME2024, AIME2025), two addi-083

tional reasoning benchmarks (GPQA-Diamond,084

ARC-Challenge), and two tool usage benchmarks085

(BFCL, Meta-Tool), demonstrating consistent ef-086

ficiency gains with competitive accuracy (see §4).087

Furthermore, we show that THINKBRAKE pre-088

serves accuracy uniformly across problem difficul-089

ties, rather than trading off performance on easy090

versus hard instances. Our contributions are:091

• We identify and validate overthinking in092

LRMs with oracle </think> rollouts, quanti-093

fying recoverable headroom across mathemat-094

ical reasoning and tool usage (see §2).095

• We introduce THINKBRAKE, a simple test-096

time inference method that triggers early ter-097

mination using a log-margin criterion at sen-098

tence boundaries (see §3.1).099

• We provide a theoretical foundation for100

THINKBRAKE, showing it is equivalent to KL-101

regularized test-time realignment that assigns102

a reward bonus to </think> (see §3.2).103

• We provide empirical evaluation across six104

LRMs and eight benchmarks spanning math-105

ematical, scientific reasoning and tool usage,106

with ablations validating our design choices107

and demonstrating robust performance across108

hyperparameters (see §4).109

• We show that THINKBRAKE-generated data110

can be used to train LRMs for efficient rea-111

soning via Direct Preference Optimization,112

achieving improved efficiency with only a113

small amount of training data (see §4.4).114

2 Overthinking in LRMs 115

To validate that overthinking is a genuine prob- 116

lem and quantify the potential gains from early 117

stopping, we analyze whether LRMs would have 118

answered correctly had reasoning been terminated 119

earlier. We conduct controlled rollouts with forced 120

termination by injecting a </think> token at every 121

sentence boundary, causing the model to stop think- 122

ing and produce an answer. We mark a trajectory 123

as recoverable if it contains a sentence boundary 124

where the model has reached the correct answer 125

but continues reasoning and eventually produces an 126

incorrect one. This yields an oracle accuracy—the 127

achievable accuracy with hindsight knowledge of 128

the optimal stopping point (see Appendix B for an 129

example). 130

We use Qwen3-4B-Thinking (Yang et al., 2025a) 131

as our base LRM and evaluate across mathe- 132

matical reasoning (GSM8K (Cobbe et al., 2021), 133

MATH500 (Hendrycks et al., 2021), AIME2024, 134

AIME2025 (Art of Problem Solving, 2025)) and 135

tool usage (BFCL-v1 (Patil et al., 2025)). Detailed 136

experiment settings are in Appendix C. 137

In Figure 2, oracle stopping achieves an average 138

accuracy of 94% on mathematical reasoning and 139

95% on tool usage, improving over the baseline by 140

an average of 8% while reducing thinking token us- 141

age by 54% on mathematics and 89% on tool usage. 142

The improvements are consistent across difficulty 143

levels; even on the challenging AIME benchmarks, 144

oracle stopping recovers 61% of failures while cut- 145

ting tokens by 44%. Notably, fewer than 5% of 146

errors are irrecoverable for most benchmarks, con- 147

firming that a substantial portion of failures stem 148

from overthinking rather than inability. 149
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Figure 2: Oracle experiments via sentence-boundary </think> injection on mathematical reasoning (GSM8K,
MATH500, AIME2024, AIME2025) and tool usage (BFCL-v1). Optimal termination yields both improved accuracy
(left) and reduced thinking token usage (right). See Table 10 for a tabular version.

3 THINKBRAKE150

3.1 Intuition and Definition151

We propose THINKBRAKE, a simple early ter-152

mination method that injects the </think> token153

when the log-probability margin between the top-154

predicted token and </think> becomes small. For-155

mally, let πθ be our LRM, x be the input, and y<t156

be the current reasoning chain. At each sentence157

boundary, let y⋆t = argmaxy πθ(y | x; y<t) be158

the top-predicted token that is not </think>. We159

terminate when:160

log
πθ(y

⋆
t | x; y<t)

πθ(</think> | x; y<t)
≤ τ, (1)161

where τ is a hyperparameter that controls the stop-162

ping threshold. The intuition is that as produc-163

tive reasoning concludes, the probability margin164

between continuing and stopping narrows. How-165

ever, since LRMs are biased toward extended rea-166

soning, </think> probability remains lower than167

ideal. THINKBRAKE addresses this by monitor-168

ing the margin and triggering termination when it169

becomes sufficiently small.170

For comparison, we also consider a linear171

probability-gap variant (THINKBRAKE-p) that trig-172

gers when pθ(y
⋆
t ) − pθ(</think>) ≤ τprob. This173

variant proves significantly less effective (see §4.2).174

3.2 Theoretical Analysis175

We theoretically ground THINKBRAKE by show-176

ing it is equivalent to a logit margin test, which177

can be interpreted as test-time realignment via a178

KL-regularized policy with a reward bonus for179

</think>.180

Log-space margins equal logit margins. We 181

first show that THINKBRAKE is equivalent to a 182

logit margin test. For brevity, let e := </think> 183

denote the stop token and st := (x; y<t) denote the 184

decoding state. Let zθ(y | st) be the pre-softmax 185

logit for token y in the vocabulary V at state st. 186

With decoding temperature T > 0, the next-token 187

distribution is: 188

πθ(y | st) =
exp

(
zθ(y | st)/T

)∑
y′ exp

(
zθ(y′ | st)/T

) . (2) 189

Taking the log-ratio between any two tokens can- 190

cels the normalization: 191

log
πθ(a | st)
πθ(b | st)

=
zθ(a | st)− zθ(b | st)

T
. (3) 192

Let y⋆t := argmaxy∈V\{e} zθ(y | st) be the best 193

continuation token (excluding e). The log-space 194

stopping margin is 195

mt := log
πθ(y

⋆
t | st)

πθ(e | st)
=

zθ(y
⋆
t | st)− zθ(e | st)

T
.

(4)

196

Therefore, THINKBRAKE is exactly a temperature- 197

scaled logit margin test between the best continua- 198

tion token and </think>. 199

THINKBRAKE as test-time realignment. We 200

now formalize THINKBRAKE as optimizing a KL- 201

regularized policy that prefers emitting </think>. 202

Let B denote the set of sentence boundary states 203

where THINKBRAKE may terminate. At a bound- 204

ary state st ∈ B, consider the general KL- 205

regularized objective with hyperparameter β > 0: 206
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πθ,τ (· | st) = arg max
π(·|st)

Ey∼π(·|st)[r(st, y)]207

− βKL(π(· | st)∥πθ(· | st)).
(5)

208

The closed-form optimal policy is given by (Ko-209

rbak et al., 2022; Rafailov et al., 2023):210

πθ,τ (y | st) =
1

Zt
πθ(y | st) exp

(
r(st, y)

β

)
,

(6)

211

where Zt is the normalization constant. For212

THINKBRAKE, we define the reward as a constant213

bonus for the stop token:214

rτ (st, y) := τβ · 1[y = e]. (7)215

Plugging Eq. (7) into Eq. (6) gives exp(rτ/β) =216

exp(τ 1[y = e]), so the realignment simply up-217

weights </think> by a factor eτ .218

We now show that setting β = T yields a direct219

connection to logit margins. Since πθ(· | st) is a220

softmax over logits, Eq. (6) with β = T is equiva-221

lent to logit shaping. Define the shaped logit:222

z̃θ,τ (y | st) := zθ(y | st) + rτ (st, y), (8)223

where rτ (st, y) = τT · 1[y = e] under our choice224

of β = T . Then the realigned policy becomes:225

πθ,τ (y | st) = softmax(z̃θ,τ (y | st)/T ). (9)226

Thus, at boundary states, the realigned policy is227

exactly the base model with a constant bonus τT228

added to the </think> logit.229

Equivalence to the THINKBRAKE margin test.230

Under greedy decoding from the realigned policy231

at st ∈ B, it selects e if and only if232

zθ(e | st) + τT ≥ zθ(y
⋆
t | st)233

τ ≥ zθ(y
⋆
t | st)− zθ(e | st)

T
234

mt ≤ τ, (10)235

where mt is defined in Eq. (4). This is exactly236

THINKBRAKE. For non-boundary states st /∈ B,237

THINKBRAKE applies no realignment and decodes238

from πθ(· | st) as usual.239
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Figure 3: Hyperparameter τ search from accuracy and
thinking token usage for THINKBRAKE on Qwen3-4B-
Thinking.

4 Experiments 240

4.1 Experimental Setup 241

We evaluate several models for our main experi- 242

ments: Qwen3-4B-Thinking, Qwen3-4B, Qwen3- 243

14B, Qwen3-32B (Yang et al., 2025a), DeepSeek- 244

R1-Distill-7B (Guo et al., 2025), and Phi-4- 245

Reasoning (Abdin et al., 2025). Qwen3-32B is 246

a model post-trained with reinforcement learn- 247

ing (RL), while the smaller Qwen models are 248

trained via supervised fine-tuning. DeepSeek-R1- 249

Distill-7B is a Qwen2.5-based model distilled from 250

DeepSeek-R1-generated reasoning traces. Phi-4- 251

Reasoning is derived from Phi-4 through super- 252

vised fine-tuning on curated reasoning demonstra- 253

tions. All models use default reasoning format with 254

explicit <think> and </think> delimiters. 255

We compare against NoWait (Wang et al., 2025), 256

which suppresses filler tokens like "wait" and 257

"hmm"; ThinkLess (Li et al., 2025), which forces 258

immediate </think> emission after <think>; and 259

THINKBRAKE-p (§3.1). 260

We report both task accuracy and thinking token 261

usage. We measure thinking tokens as tokens gener- 262

ated within the reasoning span (between <think> 263

and </think>). We report ∆Tok as the percent- 264

age change in thinking tokens relative to baseline 265

decoding for the same model and benchmark. De- 266

tailed baseline methods and implementation set- 267

tings are in Appendix C, and prompts are in Ap- 268

pendix E. 269

Selecting Hyperparameter τ . THINKBRAKE in- 270

troduces a single hyperparameter, τ , which controls 271

how aggressively we terminate reasoning at sen- 272

tence boundaries. Increasing τ encourages earlier 273
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GSM8K MATH500 AIME2024 AIME2025 GPQA-D ARC-C Avg.

Model Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok

Qwen3-4B-Thinking 95.1 – 95.3 – 76.7 – 72.5 – 64.1 – 94.3 – 83.0 –
+ NoWait 94.2 -25.1% 96.4 -17.9% 66.7 -30.5% 66.7 -35.6% 68.2 -19.6% 92.7 14.6% 80.8 -19.0%
+ ThinkLess 92.6 -100% 56.4 -100% 3.3 -100% 3.3 -100% 50.0 -100% 94.2 -100% 50.0 -100%
+ ThinkBrake-p 93.9 -37.3% 91.2 -57.9% 35.0 -72.6% 30.4 -76.0% 47.0 -67.5% 93.7 -31.7% 65.2 -57.2%
+ THINKBRAKE 94.7 -21.7% 95.9 -22.8% 63.7 -34.8% 59.2 -37.5% 60.6 -29.1% 93.7 -19.9% 78.0 -27.6%

Qwen3-4B 94.4 – 96.0 – 68.8 – 59.6 – 51.0 – 94.0 – 77.3 –
+ NoWait 94.5 -40.4% 94.6 -31.4% 56.7 -16.6% 50.0 -27.1% 57.6 -26.6% 93.4 -14.4% 74.5 -26.1%
+ THINKBRAKE 94.5 -30.1% 95.4 -14.4% 64.6 -12.7% 60.4 -13.5% 55.6 -29.7% 93.9 -11.5% 77.4 -18.7%

Qwen3-14B 96.0 – 96.8 – 71.7 – 69.2 – 60.6 – 95.9 – 81.7 –
+ NoWait 95.8 -29.4% 95.2 -25.1% 70.0 -19.8% 56.7 -16.6% 62.1 -20.5% 96.2 -8.1% 79.3 -19.9%
+ THINKBRAKE 95.0 -15.4% 96.9 -7.7% 77.9 -7.4% 65.8 -6.0% 61.1 -39.9% 95.2 -18.2% 82.0 -15.8%

Qwen3-32B 96.0 – 97.0 – 75.8 – 68.3 – 65.2 – 92.1 – 82.4 –
+ NoWait 95.3 -23.6% 95.8 -20.6% 66.7 -12.0% 56.7 -10.6% 60.1 -12.4% 90.1 9.0% 77.5 -11.7%
+ THINKBRAKE 96.5 -9.1% 97.2 -1.4% 77.1 -6.2% 68.3 -4.3% 65.7 -19.9% 91.0 -8.0% 82.6 -8.2%

DeepSeek-R1-7B 91.4 – 93.8 – 54.2 – 38.8 – 48.0 – 67.7 – 65.7 –
+ NoWait 90.6 -30.8% 91.2 -31.0% 40.0 -32.4% 26.7 -36.5% 43.4 -35.5% 64.6 -12.6% 59.4 -29.8%
+ THINKBRAKE 91.6 -27.4% 91.5 -18.3% 48.3 -26.6% 35.4 -26.7% 49.5 -55.5% 68.2 -30.3% 64.1 -30.8%

Phi-4-Reasoning 91.7 – 71.1 – 67.5 – 63.7 – 62.6 – 80.0 – 72.8 –
+ NoWait 92.1 -2.4% 70.8 -17.7% 63.3 -9.4% 53.3 -8.6% 63.1 -19.1% 77.6 -7.0% 70.0 -10.7%
+ THINKBRAKE 91.7 -25.6% 70.4 -17.2% 73.3 -6.4% 53.3 -5.2% 67.7 -1.1% 80.0 -25.3% 72.7 -13.5%

Table 1: Math and science results on GSM8K, MATH500, AIME2024, AIME2025, GPQA-D, and ARC-C. We
report accuracy and ∆Tok (thinking token reduction vs. the Base decoding) for each model. For AIME 2024 and
AIME2025, which contain only 30 questions, we repeat the test set 8 times for evaluation stability and report the
average accuracy (avg@8). For brevity we only show the baseline method for the Qwen3-4B-Thinking model, a
comprehensive result table including all baseline methods is in Appendix F.

emission of </think>, yielding fewer thinking to-274

kens, but overly large values can truncate useful275

reasoning and degrade accuracy. To choose a de-276

fault threshold without per-benchmark tuning, we277

perform a lightweight sweep over τ on a small278

validation split. Concretely, we evaluate Qwen3-279

4B-Thinking across a grid of τ values on a subset of280

the DAPO17K (Yu et al., 2025) dataset and record281

both accuracy and average thinking token usage.282

Figure 3 shows that at τ=0.1, THINKBRAKE283

achieves both improved accuracy and substantial284

token reduction compared to baseline. Beyond285

this point, both accuracy and token usage decrease286

smoothly as τ increases further. Notably, while287

accuracy peaks at τ=0.1, it remains competitive288

for τ values up to 1.0, demonstrating robustness289

to the choice of threshold. We therefore select290

τ=0.1 and apply it to all Qwen3 model sizes and291

all benchmarks. Our results show that this thresh-292

old generalizes well out-of-distribution from math-293

ematical reasoning to other tasks. Similarly, we294

select optimal τ values for DeepSeek-R1-Distill295

(τ=0.1) and Phi-4-Reasoning (τ=2.5) using the296

same procedure (see Appendix C.5 for details).297

4.2 Main Results 298

Math & Science Reasoning. We evaluate on 299

four math benchmarks: GSM8K (Cobbe et al., 300

2021), MATH500 (Hendrycks et al., 2021), 301

AIME2024, AIME2025 (Art of Problem Solving, 302

2025). We also consider a scientific reasoning 303

benchmark and a general reasoning benchmark: 304

GPQA-D (Rein et al., 2024), ARC-Challenge 305

(Clark et al., 2018). 306

Table 1 shows that THINKBRAKE consis- 307

tently achieves strong accuracy-efficiency trade- 308

offs across all models and difficulties. On easier 309

benchmarks (GSM8K, MATH500), THINKBRAKE 310

reduces tokens by 10–30% while maintaining or 311

improving accuracy. On challenging AIME bench- 312

marks, THINKBRAKE maintains competitive per- 313

formance with substantial token savings—notably 314

improving accuracy for Qwen3-14B and Phi-4- 315

Reasoning on AIME2024, suggesting baseline 316

overthinking introduces errors that THINKBRAKE 317

prevents. 318

In contrast, baseline methods show various lim- 319

itations. ThinkLess (which removes all thinking) 320

causes catastrophic drops on hard math: ∼40% 321
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BFCL-v1 BFCL-v2 Meta-Tool

Model Parallel Multi-Parallel Parallel Multi-Parallel Single Multiple Avg.

Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok

Qwen3-4B-Thinking 93.5 – 90.5 – 87.5 – 79.2 – 69.7 – 85.5 – 84.3 –
+ NoWait 88.5 -44.4% 88.5 -53.5% 81.3 -50.7% 75.0 -66.5% 68.9 0.1% 84.7 -11.2% 81.2 -37.7%
+ ThinkLess 79.5 -100% 83.0 -100% 37.5 -100% 45.8 -100% 67.4 -100% 86.5 -100% 66.6 -100%
+ ThinkBrake-p 78.0 -26.9% 42.5 -33.4% 62.5 -28.5% 29.2 -43.8% 70.8 -25.8% 86.7 -12.7% 61.6 -28.5%
+ THINKBRAKE 95.5 -26.8% 90.5 -28.2% 87.5 -32.3% 87.5 -18.9% 72.4 -20.6% 86.3 -9.0% 86.6 -22.6%

Qwen3-4B 90.0 – 83.0 – 81.2 – 70.8 – 74.3 – 90.5 – 81.6 –
+ NoWait 88.0 -13.5% 84.0 1.2% 75.0 -5.1% 75.0 -11.1% 72.5 -3.1% 90.5 -8.4% 80.8 -6.7%
+ THINKBRAKE 89.5 -16.5% 83.5 -12.0% 62.5 -21.1% 75.0 -10.2% 72.7 -1.4% 91.1 -3.0% 79.0 -10.7%

Qwen3-14B 92.0 – 83.5 – 62.5 – 70.8 – 63.3 – 84.9 – 76.2 –
+ NoWait 90.0 -16.3% 84.0 1.8% 62.5 -30.1% 62.5 -10.9% 61.2 -2.4% 84.5 -5.8% 74.1 -10.6%
+ THINKBRAKE 93.0 -21.2% 85.0 -14.2% 62.5 -25.4% 62.5 -7.6% 66.3 -1.6% 85.7 -4.5% 75.8 -12.4%

Qwen3-32B 93.0 – 85.0 – 68.8 – 70.8 – 64.8 – 84.3 – 77.8 –
+ NoWait 91.0 -13.0% 82.5 -5.0% 68.8 -3.9% 62.5 -14.3% 63.8 3.6% 83.9 1.3% 75.4 -5.2%
+ THINKBRAKE 91.0 -14.3% 90.0 -7.3% 68.8 -4.6% 58.0 -13.3% 64.4 -1.5% 85.5 -1.1% 76.3 -7.0%

DeepSeek-R1-7B 52.5 – 38.0 – 43.8 – 29.2 – 63.2 – 80.3 – 51.2 –
+ NoWait 62.0 -4.0% 42.5 -6.9% 50.0 -8.9% 20.8 11.0% 64.9 0.6% 73.2 -19.3% 52.2 -4.6%
+ THINKBRAKE 42.0 -14.6% 37.0 -11.6% 43.8 -19.9% 16.7 -6.0% 63.4 -7.4% 76.3 -26.3% 46.5 -14.3%

Phi-4-Reasoning 87.5 – 77.5 – 81.2 – 58.3 – 77.7 – 90.5 – 78.8 –
+ NoWait 81.0 -1.3% 75.5 -13.2% 81.2 -6.4% 58.3 -11.9% 76.6 -8.5% 90.9 -15.4% 77.2 -9.5%
+ THINKBRAKE 84.5 2.7% 77.5 -6.4% 75.0 4.6% 70.8 -4.9% 77.2 -2.5% 90.3 -5.4% 79.2 -2.0%

Table 2: Results on BFCL-v1, BFCL-v2, and Meta-Tool benchmarks. Simple and Multiple scenarios in BFCL
are omitted for brevity. We report accuracy and ∆Tok (token reduction) for parallel and multi-parallel scenarios
in BFCL, and single and multiple selection scenarios in Meta-Tool. A comprehensive result table including all
baseline methods is in Appendix F

drop on MATH500 and ∼73% drop on AIME2024322

for Qwen3-4B-Thinking, highlighting the need for323

reasoning in such tasks. NoWait degrades less324

severely but still drops notably on challenging325

AIME compared to THINKBRAKE.326

An important pattern across model scales is327

that larger models require less aggressive stop-328

ping. Average token reduction decreases from329

27.6% (Qwen3-4B-Thinking) to 13.5% (14B) to330

9.7% (32B), while baseline accuracy remains high331

(78–83%), suggesting larger models are more ca-332

pable of reasoning efficiently.333

Tool Usage. We evaluate on BFCL non-live (v1),334

live (v2) (Patil et al., 2025) and Meta-Tool (Huang335

et al., 2024). Tool usage results show different pat-336

terns, as ThinkLess—which failed catastrophically337

on math—performs reasonably on some simpler338

tool usage scenarios, suggesting function calling339

benefits less from extended reasoning than mathe-340

matical domains.341

However, on challenging scenarios, baseline342

heuristics can degrade performance. On BFCL-343

v2 with Qwen3-4B-Thinking, ThinkLess suffers344

catastrophic drops on parallel tasks (∼50% drop)345

and multi-parallel tasks (∼33% drop). NoWait 346

shows modest degradation with a ∼7% drop on 347

parallel and ∼5% drop on multi-parallel. In con- 348

trast, THINKBRAKE maintains robust performance 349

across all scenarios. On BFCL-v2, THINKBRAKE 350

matches baseline accuracy on parallel tasks with 351

32.3% token reduction, and notably improves multi- 352

parallel performance by ∼8%. This demonstrates 353

that THINKBRAKE’s adaptive stopping criterion 354

successfully prevents overthinking on complex 355

tool usage scenarios where simpler heuristics fail. 356

These results show that THINKBRAKE generalizes 357

effectively beyond mathematical and scientific rea- 358

soning to tool usage tasks. 359

Logarithmic Margin Design. As discussed in 360

§3.1, we compare THINKBRAKE with its linear 361

probability-gap variant THINKBRAKE-p: pθ(y⋆t )− 362

pθ(</think>) ≤ τprob. Tables 1 and 2 show 363

that THINKBRAKE-p exhibits substantial accu- 364

racy drops on challenging tasks like AIME– 365

achieving only 30–35% on AIME compared to 366

THINKBRAKE’s 57–64%—while performing com- 367

parably on easier tasks like GSM8K with Qwen3- 368

4B-Thinking. 369
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Figure 4: Hyperparameter sensitivity for Qwen3-4B-Thinking over MATH500, GPQA-D and tool usages. Accuracy
remains robust except for extreme case τ = 10 (left). Token reduction increases with τ (right).

This is likely because log margins provide a370

more sensitive signal for THINKBRAKE, as they371

implicitly reflect the absolute probability of both372

tokens. When the two probabilities are low, achiev-373

ing a small log margin is more difficult, requiring374

them to be more similar compared to when the375

probabilities are high. In this way, THINKBRAKE376

terminates model thinking conservatively when the377

model is uncertain about the </think> token and378

terminates primarily when it is more confident (see379

Appendix D). In contrast, raw probability differ-380

ences lack this adaptive property, causing prema-381

ture termination during uncertain reasoning states.382

These results validate that the log-space formula-383

tion is essential for THINKBRAKE’s robustness on384

challenging reasoning tasks.385

4.3 Ablation Studies386

Hyperparameter Sensitivity. We further ana-387

lyze THINKBRAKE across test sets with vari-388

ous thresholds (τ ∈ {0.1, 0.25, 1.0, 2.5, 10}) for389

Qwen3-4B-Thinking. Figure 4 shows that accuracy390

remains stable until very high thresholds (τ ≥ 10),391

while token reduction increases monotonically with392

τ . While a single threshold works reasonably well393

across various tasks within model families, optimal394

thresholds vary by task difficulty. Easier tasks like395

MATH500 and tool usages maintain accuracy with396

higher τ , while challenging GPQA-D shows sensi-397

tivity to increasing τ , suggesting we can use more398

aggressive τ for easier tasks to maximize token399

reduction. See Appendix F for full results.400

Performance Across Problem Difficulties. We401

investigate whether THINKBRAKE trades perfor-402

mance between easy and hard problems using403

Omni-MATH (Gao et al., 2024), which provides404
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Figure 5: Accuracy by difficulty on Omni-MATH.
THINKBRAKE maintains uniform performance across
all levels. Grey bars show problem counts.

difficulty labels from 1 to 10. Figure 5 shows 405

THINKBRAKE maintains or improves accuracy uni- 406

formly across all difficulty levels without any trade- 407

off. Notably, THINKBRAKE shows greater im- 408

provements on harder problems, suggesting that 409

overthinking is more prevalent in challenging ques- 410

tions. This validates that efficiency gains come 411

from preventing overthinking rather than sacrific- 412

ing performance on hard problems. To further 413

quantify how often early stopping changes correct- 414

ness, we compute prediction transition matrices 415

before and after THINKBRAKE (see Appendix F). 416

Across models, most examples remain unchanged 417

(correct→correct or incorrect→incorrect), indicat- 418

ing THINKBRAKE primarily reduces computation 419

without substantially altering predictions. 420

4.4 Training from THINKBRAKE Data 421

Since THINKBRAKE generates concise trajectories 422

that maintain or improve accuracy, we investigate 423

whether these can train LRMs for efficient reason- 424

ing by default. We apply Direct Preference Opti- 425

mization (DPO; Rafailov et al., 2023) to Qwen3- 426
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Benchmark Base DPO ∆Tok

GSM8K 95.1 95.2 -23.6%
MATH500 95.0 96.7 -27.7%
AIME2024 80.7 80.7 -8.8%
AIME2025 76.7 76.0 -9.5%
GPQA-D 64.6 61.5 -16.2%
ARC-C 93.6 93.8 -20.8%

BFCL-v1 88.3 88.0 -16.6%
BFCL-v2 83.3 83.6 -10.5%
Meta-Tool 46.5 47.9 -15.4%

Table 3: Benchmarks results for Qwen3-4B-Thinking
trained with DPO on THINKBRAKE-generated data.

4B-Thinking, treating THINKBRAKE trajectories427

as preferred and baseline trajectories as rejected.428

We construct 1.3K preference pairs from Omni-429

MATH problems. The training is highly efficient430

as it requires only 20 minutes on 2×H200 GPUs431

(see Appendix C.3 for details).432

Table 3 shows that DPO training successfully433

transfers THINKBRAKE’s efficiency to the LRM.434

Despite training only on mathematical reasoning,435

the model achieves 9–28% thinking token reduc-436

tion across all benchmarks while maintaining accu-437

racy. Notably, improvements transfer to harder438

math problems (AIME), and to entirely out-of-439

domain tasks including GPQA-D, ARC-C, and tool440

usage. This demonstrates that the model learns gen-441

eral concise reasoning patterns rather than mem-442

orizing task-specific solutions, enabling efficient443

training of LRMs with minimal data and compute.444

5 Related Works445

5.1 Concise Reasoning446

As LRMs often generate excessive tokens, recent447

work has studied efficient reasoning methods.448

Test-Time Methods. Several training-free ap-449

proaches have been proposed, including sampling450

answers at each step using consistency as an early-451

stop signal (Mao et al., 2025; Liu and Wang, 2025;452

Wan et al., 2025), employing external verifiers453

(Jiang et al., 2025), or leveraging model represen-454

tations via probing (Fu et al., 2025) and signals455

like confidence (Yang et al., 2025b) and entropy456

(Laaouach, 2025). Other heuristics include sup-457

pressing reflection tokens (e.g., “Wait”, “Hmm”)458

(Wang et al., 2025) or skipping explicit reasoning459

entirely (Li et al., 2025). While effective in some460

cases, these methods typically rely on hand-crafted461

rules or require additional computational overhead462

from multiple rollouts or external models.463

Training Methods. An alternative approach 464

trains models to produce concise traces directly. 465

Kang et al. (2025) compress long CoT and condi- 466

tion models to generate shorter reasoning, while 467

subsequent work (Fang et al., 2025; Song and 468

Zheng, 2025; Fatemi et al., 2025; Aggarwal and 469

Welleck, 2025) presents RL frameworks for con- 470

cise reasoning. However, these require significant 471

computational resources and can potentially desta- 472

bilize general model performance. 473

5.2 Logit-Based Test-Time Realignment 474

A complementary literature explores test-time re- 475

alignment without retraining by applying logit- 476

space shifts to the base model. Unlike heuris- 477

tic test-time methods, these approaches imple- 478

ment principled objectives—such as RLHF align- 479

ment—directly at decoding time via logit manipula- 480

tion. One line of work constructs such shifts using 481

signals from aligned and base models (Mitchell 482

et al., 2024; Liu et al., 2024a), with controllable 483

strength at decoding time (Liu et al., 2024b), while 484

related logit interventions can elicit specific abil- 485

ities like reasoning (Zhang et al., 2025b). An- 486

other line leverages decoding-time steering for 487

user-specific objectives, including modular rewards 488

(Huang et al., 2025) or expert combinations (Liu 489

et al., 2021). Overall, these logit-based meth- 490

ods provide a theoretically grounded and flex- 491

ible mechanism for test-time behavior control. 492

THINKBRAKE falls within this framework: we im- 493

plement a KL-regularized realignment objective 494

that assigns a reward bonus to </think>, enabling 495

principled concise reasoning. 496

6 Conclusion 497

We study overthinking in Large Reasoning Mod- 498

els across mathematical reasoning, scientific QA, 499

and tool usage. Oracle experiments reveal that 500

LRMs often reach correct intermediate solutions 501

but fail to terminate, leaving substantial headroom 502

for improved accuracy and efficiency. We intro- 503

duce THINKBRAKE, a training-free decoding rule 504

that triggers </think> based on log-probability 505

margins at sentence boundaries. THINKBRAKE 506

achieves favorable accuracy-efficiency trade-offs 507

across multiple model families and benchmarks, is 508

theoretically grounded as KL-regularized test-time 509

realignment, and can train more efficient models 510

via preference optimization. 511

8



Limitations512

THINKBRAKE comes with several limitations.513

First, THINKBRAKE requires explicit reasoning514

delimiters (<think> and </think>) and access to515

model logits, which may not be available in mod-516

els with hidden chain-of-thought or black-box API517

settings. Second, the method introduces a hyper-518

parameter τ that, while robust across a range of519

values, may require tuning in some settings. Third,520

our evaluation focuses on models up to 32B pa-521

rameters; scalability to larger models and more522

diverse architectures remains to be tested. Finally,523

THINKBRAKE uses a local stopping criterion based524

on probability margins and does not explicitly rea-525

son about global answer correctness, which may526

lead to early termination when the model is confi-527

dently wrong.528
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A Usage of Large Language Models745

Large language models were used for literature746

search, coding assistance, and proofreading only.747

They were not used for ideation, results, or analysis;748

all contributions and conclusions are the authors’.749

B Example of overthinking750

Tables 8 and 9 present a BFCL example and the751

corresponding LRM response. Green highlights752

mark points at which terminating would yield a753

correct answer, whereas red highlights indicate an754

incorrect one. Notably, the model’s reasoning turns755

red after a certain point, illustrating overthinking.756

C Experiment Details757

We use H200 GPU for all inference and training,758

with a fixed seed of 42.759

C.1 Model Details760

The official Huggingface names for the models we761

used are as follows in Table 4.762

Our Name HF Model ID

Qwen3-4B-Thinking Qwen/Qwen3-4B-Thinking
-2507

Qwen3-4B Qwen/Qwen3-4B
Qwen3-14B Qwen/Qwen3-14B
Qwen3-32B Qwen/Qwen3-32B
DeepSeek-R1-Distill-7B deepseek-ai/DeepSeek-

R1-Distill-Qwen-7B
Phi-4-Reasoning microsoft/Phi-4-reasoning

Table 4: Model names and HuggingFace identifiers.

C.2 Inference Details763

For all inference tasks, we use the following hy-764

perparameters following the official guidelines for765

each model (Yang et al., 2025a; Abdin et al., 2025;766

Guo et al., 2025). For Qwen3-4B-Thinking, we ex-767

tend the reasoning budget to 32k for AIME bench-768

marks only.769

C.3 Training on THINKBRAKE770

This section describes the experimental details for771

§ 4. To curate a training dataset, we sampled ∼1.3K772

examples from Omni-MATH, with the preferred re-773

sponses generated using THINKBRAKE and dispre-774

ferred responses generated without THINKBRAKE.775

We applied the following filtering criteria: (1) when776

both methods produce correct answers, we only in-777

clude examples where the baseline token length778

Parameter DeepSeek Qwen3 Phi-4

THINKBRAKE-τ 0.1 0.1 2.5

Sampling Parameters

Temperature 0.6 0.6 0.8
Top-p 1 0.95 0.95
Top-k - 20 50

Token Budgets

Reasoning Budget 16384 16384 16384
Answer Budget 4096 4096 4096

Table 5: Inference Hyperparameters for Different Mod-
els

exceeds the THINKBRAKE token length, demon- 779

strating efficiency gains; (2) when THINKBRAKE 780

produces correct answers but the baseline fails, we 781

include all such examples; (3) all other cases are 782

excluded from the training set. This curation pro- 783

cess ensures that our training data emphasizes both 784

correctness improvements and computational effi- 785

ciency. 786

We performed Direct Preference Optimization 787

(DPO; Rafailov et al., 2023) using the hyperparam- 788

eters listed in Table 6. Training was conducted with 789

LoRA (Hu et al., 2022) for parameter-efficient fine- 790

tuning in around 20 minutes of wall-clock time. 791

Hyperparameter Value

Learning Rate 2× 10−5

Batch Size (per device) 8
Gradient Accumulation Steps 4
Effective Batch Size 64
Number of GPUs 2 × H200
Training Epochs 10
LoRA Rank (r) 32
LoRA Alpha (α) 32
Training Samples 1,348

Table 6: Training Hyperparameters for DPO

C.4 Baseline Methods 792

This section describes the details on the baseline 793

methods NoWait and ThinkLess. 794

NoWait (Wang et al., 2025): removes delay/filler 795

tokens (e.g., “wait”, “hmm”; list in Appendix C.4) 796

during decoding to stop overthinking and allow for 797

earlier termination. We use the following list in 798

Table 7 for NoWait. 799

ThinkLess (Li et al., 2025): forces immediate ter- 800

mination by emitting </think> right after the ini- 801

tial <think>, minimizing the thinking process to 802
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Keywords

wait, hmm, hmmm, but, however, check, verify, alternatively

Table 7: Keyword list for NoWait.
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Figure 6: Hyperparameter τ search from accuracy and
thinking token usage for THINKBRAKE on DeepSeek-
R1-Distill-Qwen-7B.
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Figure 7: Hyperparameter τ search from accuracy
and thinking token usage for THINKBRAKE on Phi-
4-Reasoning.

two special tokens: <think></think>.803

C.5 Hyperparameter Selection804

Figures 6 and 7 show the hyperparameter search805

for additional models.806

D Why log-space margins are robust.807

As shown in Tables 11, 13 and § 4.2, linear prob-808

ability gaps are insufficient for THINKBRAKE. A809

meaningful log-probability gap only arises when810

both competing probabilities are relatively high811

(see Figure 8), indicating that the model is gen- 812

uinely confident at that step. If we used a lin- 813

ear probability gap, both ∆P1 and ∆P2 would 814

trigger early termination; in contrast, using a log- 815

probability gap triggers only for ∆P1—where both 816

the top token and </think> have high probabili- 817

ties—signaling confidence in stopping the reason- 818

ing. 819
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 P

)

P(</think>) = 0.1

P(Top) = 0.2

P(</think>) = 0.3
P(Top) = 0.4

Raw Gap = 0.1

Log Margin (Low P)
ln(P)  0.693 > 

Raw Gap = 0.1

Log Margin (High P)
ln(P)  0.288 < 

Logarithm Sensitivity: Log Prob Margin vs Raw Probability Gap

Figure 8: Log-probability plot with two illustrative
cases, ∆P1 and ∆P2. Here, ∆P1 denotes a scenario
where the most likely token has high probability (0.4),
and ∆P2 denotes a scenario where the most likely token
has lower probability (0.2), while the raw gap is the
same (i.e., ∆P1 = ∆P2).

E System Prompts 820

Following the official guides (Abdin et al., 2025; 821

Guo et al., 2025; Yang et al., 2025a) we use the 822

following prompts in Figures 9, 10, 11 and 12 for 823

our experiments. 824

Qwen3 Mathematical Reasoning Prompt

<|im_start|>user
{{ problem }}
Please reason step by step, and put your
final answer within \boxed{}.
<|im_end|>
<|im_start|>assistant
<think>
{{ reasoning process }}
</think>
{{ final answer }}
<|im_end|>

Figure 9: Prompt template for Qwen3 on mathematical
reasoning tasks. Similar to DeepSeek, the model pro-
vides reasoning within think tags before the final boxed
answer.
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Qwen3 General Reasoning Prompt

<|im_start|>user
{{ problem }}
Please show your choice in the answer
field with only the choice letter, e.g., "an-
swer": "C".
<|im_end|>
<|im_start|>assistant
<think>
{{ reasoning process }}
</think>
{{ final answer with choice letter }}
<|im_end|>

Figure 10: Prompt template for Qwen3 on general
multiple-choice reasoning tasks. The model is instructed
to format its final answer as a single choice letter.

DeepSeek Reasoning Prompt

<|begin_of_sentence|><|User|>{{
problem }}
Please reason step by step, and put your
final answer within \boxed{}.
<|Assistant|><think>
{{ reasoning process }}
</think>
{{ final answer }}
<|end_of_sentence|>

Figure 11: Prompt template for DeepSeek on mathemat-
ical reasoning tasks. The model is instructed to provide
step-by-step reasoning within think tags, followed by
the final answer in boxed notation.

Phi-4-Reasoning System Prompt

<|im_start|>system<|im_sep|>
You are Phi, a language model trained by Mi-
crosoft to help users. Your role as an assistant
involves thoroughly exploring questions through a
systematic thinking process before providing the
final precise and accurate solutions.
This requires engaging in a comprehensive cycle
of analysis, summarizing, exploration, reassess-
ment, reflection, backtracing, and iteration to
develop well-considered thinking process.
Please structure your response into two main sec-
tions: Thought and Solution using the specified
format:
<think> {Thought section} </think>
{Solution section}
In the Thought section: Detail your reasoning
process in steps. Each step should include de-
tailed considerations such as analysing questions,
summarizing relevant findings, brainstorming new
ideas, verifying the accuracy of the current steps,
refining any errors, and revisiting previous steps.
In the Solution section: Based on various at-
tempts, explorations, and reflections from the
Thought section, systematically present the final
solution that you deem correct. The Solution
section should be logical, accurate, and concise
and detail necessary steps needed to reach the
conclusion.
Now, try to solve the following question through
the above guidelines:
<|im_end|> <|im_start|>user<|im_sep|>
{{ problem }} <|im_end|>
<|im_start|>assistant<|im_sep|><think>
{{ reasoning process }} </think> {{ final
answer }} <|im_end|>

Figure 12: Prompt template for Phi-4-Reasoning with
comprehensive system instructions. The model is
guided to use a systematic thinking process with ex-
plicit thought and solution sections.
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F Extensive Results825

In this section, we provide extensive results across826

all benchmarks, models, and hyperparameter com-827

binations.828

Token Count Table 12 shows the average token829

count per base model and benchmark. We consis-830

tently observe that difficult tasks such as AIME and831

GPQA-D require larger token budgets.832

Full Tables Tables 11 and 13 present extensive833

results from the experiments in §4. Specifically,834

Table 11 shows the full results including all base-835

line methods across all models. Table 13 shows836

the complete results for BFCL-v1, BFCL-v2 (in-837

cluding Simple and Multiple function categories),838

and Meta-Tool benchmarks. We observe that839

THINKBRAKE achieves a better performance-token840

reduction tradeoff overall.841

τ Ablation Figures 13, 14, 15, and 16 show842

extensive results across various threshold values843

τ ∈ {0.1, 0.25, 1.0, 2.5}. The first two figures dis-844

play token reduction percentage compared to the845

base model, while the latter two show accuracy846

comparison across various τ values. We observe847

that larger τ values result in greater token reduc-848

tion, and accuracy is maintained across various τ849

settings.850

Transition Matrix Figure 17 shows the transi-851

tion matrices for all models (aggregated across852

all benchmarks), illustrating model behavior be-853

fore and after applying THINKBRAKE. The matri-854

ces show high values along the diagonal (top-left855

and bottom-right), indicating that THINKBRAKE856

preserves accuracy without introducing significant857

changes to correct or incorrect predictions.858
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Question

Find the area and perimeter of a circle with a radius of 5 and also find the circumference of a circle
with diameter of 10.

Prompt

system:
# Tools
You may call one or more functions to assist with the user query.
You are provided with function signatures within <tools> XML tags:
<tools>
{ "name": "circle.calculate_circumference",

"description": "Calculate the circumference of a circle based on the diameter.",
"parameters": {

"type": "dict",
"properties": {

"diameter": { "type": "integer", "description": "The diameter of the circle." }
},
"required": ["diameter"]

}
},
{ "name": "circle.calculate_area",

"description": "Calculate the area of a circle based on the radius.",
"parameters": {

"type": "dict",
"properties": {

"radius": { "type": "integer", "description": "The radius of the circle." }
},
"required": ["radius"]

}
},
{ "name": "rectangle.calculate_perimeter",

"description": "Calculate the perimeter of a rectangle based on the length and breadth.",
"parameters": {

"type": "dict",
"properties": {

"length": { "type": "integer", "description": "The length of the rectangle." },
"breadth": { "type": "integer", "description": "The breadth of the rectangle." }

},
"required": ["length", "breadth"]

}
}
</tools>
For each function call, return a json object with function name and arguments within <tool_call>
XML tags:
<tool_call>
{ "name": <function-name>, "arguments": <args-json-object> }
</tool_call>
user: The above geometry question.

Table 8: Full question and prompt.
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<think>
Okay, let’s tackle this problem. The user wants the area and perimeter of a circle with radius 5, and the
circumference of a circle with diameter 10.
First, I need to check which tools are available.
There’s circle.calculate_area which takes radius, and rectangle.calculate_perimeter but wait, the user is
asking for the perimeter of a circle? Wait, no.
Wait, the problem says "area and perimeter of a circle".
Wait, circles don’t have perimeters; they have circumferences.
Maybe the user made a mistake here.
Let me read again.
The user says: "Find the area and perimeter of a circle with a radius of 5 and also find the circumference
of a circle with diameter of 10."
Hmm, perimeter for a circle is called circumference.
So maybe the user is confused.
But according to the tools provided, there’s circle.calculate_circumference (for diameter),
circle.calculate_area (for radius), and rectangle.calculate_perimeter (for length and breadth).
Wait, the user is asking for perimeter of a circle.
But the tools don’t have a circle perimeter function.
Wait, the rectangle function is for perimeter of a rectangle, which is different.
So maybe the user intended to say circumference for the circle’s perimeter.

...
Because perimeter is a term for 2D shapes, but for circles it’s circumference.
Assuming that the user wants:
- Area of radius 5 circle: call calculate_area with radius=5.
- Circumference of radius 5 circle (which they called perimeter): but since the tool requires diameter, we
can compute diameter as 10 (since radius is 5), so call calculate_circumference with diameter=10.
- Also, circumference with diameter 10: call calculate_circumference with diameter=10.

...
So three tool calls? Or is the perimeter part a mistake and the user just meant circumference?
Wait, the rectangle.calculate_perimeter is for rectangles, so that’s not relevant here.
The user is talking about circles, so we ignore the rectangle tool.
So, the correct tool calls are:
1. circle.calculate_area(radius=5)
2. circle.calculate_circumference(diameter=10)
3. circle.calculate_circumference(diameter=10)
But in reality, the user is asking for two separate values: perimeter (which is circumference) for radius 5
(diameter 10) and circumference for diameter 10.
So they are the same calculation, but the user is asking for it twice.

...
- For the perimeter of radius 5 circle: since perimeter of a circle is circumference, which is calculated via
diameter.
So diameter is .

Table 9: Qwen3-4B thinking trajectory.
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(a) Math GSM8K MATH500 AIME2024 AIME2025 Avg.

Method Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok

Base 95.1 – 95.3 – 76.7 – 72.5 – 84.9 –
Oracle 97.8 -69.1% 99.8 -60.0% 86.7 -41.6% 93.3 -45.5% 94.4 -54.1%

Avg. Base Token 1,578 6,360 19,284 21,317 12,135

(b) Tool simple multiple parallel multi-parallel Avg.

Method Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok

Base 88.2 – 90.5 – 93.5 – 90.5 – 90.7 –
Oracle 91.5 -81.3% 98.5 -93.6% 96.0 -89.7% 95.5 -90.1% 95.4 -88.7%

Avg. Base Token 1,155 985 1,200 1,621 1,240

Table 10: Accuracy (%) and ∆Tok (token reduction, %) on Math and Tool benchmarks. The results represent
performance under oracle </think> stopping compared to the base Qwen3-4B-Thinking model.

GSM8K MATH500 AIME2024 AIME2025 GPQA-D ARC-C Avg.

Model Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok

Qwen3-4B-Thinking 95.1 – 95.3 – 76.7 – 72.5 – 64.1 – 94.3 – 83.0 –
+ NoWait 94.2 -25.1% 96.4 -17.9% 66.7 -30.5% 66.7 -35.6% 68.2 -19.6% 92.7 14.6% 80.8 -19.0%
+ ThinkLess 92.6 -100% 56.4 -100% 3.3 -100% 3.3 -100% 50.0 -100% 94.2 -100% 50.0 -100%
+ ThinkBrake-p 93.9 -37.3% 91.2 -57.9% 35.0 -72.6% 30.4 -76.0% 47.0 -67.5% 93.7 -31.7% 65.2 -57.2%
+ THINKBRAKE 94.7 -21.7% 95.9 -22.8% 63.7 -34.8% 59.2 -37.5% 60.6 -29.1% 93.7 -19.9% 78.0 -27.6%

Qwen3-4B 94.4 – 96.0 – 68.8 – 59.6 – 51.0 – 94.0 – 77.3 –
+ NoWait 94.5 -40.4% 94.6 -31.4% 56.7 -16.6% 50.0 -27.1% 57.6 -26.6% 93.4 -14.4% 74.5 -26.1%
+ ThinkLess 91.0 -100% 85.4 -100% 23.3 -100% 23.3 -100% 46.0 -100% 89.3 -100% 59.7 -100%
+ ThinkBrake-p 92.8 -40.2% 88.6 -51.3% 29.2 -64.5% 25.0 -67.8% 47.5 -54.2% 93.4 -15.0% 62.8 -48.8%
+ THINKBRAKE 94.5 -30.1% 95.4 -14.4% 64.6 -12.7% 60.4 -13.5% 55.6 -29.7% 93.9 -11.5% 77.4 -18.7%

Qwen3-14B 96.0 – 96.8 – 71.7 – 69.2 – 60.6 – 95.9 – 81.7 –
+ NoWait 95.8 -29.4% 95.2 -25.1% 70.0 -19.8% 56.7 -16.6% 62.1 -20.5% 96.2 -8.1% 79.3 -19.9%
+ ThinkLess 93.4 -100% 86.8 -100% 23.3 -100% 30.0 -100% 49.5 -100% 94.3 -100% 62.9 -100%
+ ThinkBrake-p 95.1 -31.6% 89.0 -49.8% 38.8 -68% 26.2 -72% 57.6 -66.4% 94.7 -17.9% 66.9 -51%
+ THINKBRAKE 95.0 -15.4% 96.9 -7.7% 77.9 -7.4% 65.8 -6.0% 61.1 -39.9% 95.2 -18.2% 82.0 -15.8%

Qwen3-32B 96.0 – 97.0 – 75.8 – 68.3 – 65.2 – 92.1 – 82.4 –
+ NoWait 95.3 -23.6% 95.8 -20.6% 66.7 -12.0% 56.7 -10.6% 60.1 -12.4% 90.1 9.0% 77.5 -11.7%
+ ThinkLess 93.3 -100% 87.6 -100% 23.3 -100% 20.0 -100% 54.5 -100% 95.1 -100% 62.3 -100%
+ ThinkBrake-p 94.8 -23.0% 89.6 -39.4% 39.2 -61.5% 26.7 -66.4% 53.5 -51.0% 92.2 -11.7% 66.0 -42.2%
+ THINKBRAKE 96.5 -9.1% 97.2 -1.4% 77.1 -6.2% 68.3 -4.3% 65.7 -19.9% 91.0 -8.0% 82.6 -8.2%

DeepSeek-R1-7B 91.4 – 93.8 – 54.2 – 38.8 – 48.0 – 67.7 – 65.7 –
+ NoWait 90.6 -30.8% 91.2 -31.0% 40.0 -32.4% 26.7 -36.5% 43.4 -35.5% 64.6 -12.6% 59.4 -29.8%
+ ThinkLess 85.9 -100% 78.4 -100% 16.7 -100% 20.0 -100% 30.3 -100% 50.4 -100% 47.0 -100%
+ ThinkBrake-p 87.8 -54.9% 81.4 -60.6% 25.4 -71.4% 22.9 -73.5% 36.4 -76.8% 67.2 -31.0% 53.5 -61.4%
+ THINKBRAKE 91.6 -27.4% 91.5 -18.3% 48.3 -26.6% 35.4 -26.7% 49.5 -55.5% 68.2 -30.3% 64.1 -30.8%

Phi-4-Reasoning 91.7 – 71.1 – 67.5 – 63.7 – 62.6 – 80.0 – 72.8 –
+ NoWait 92.1 -2.4% 70.8 -17.7% 63.3 -9.4% 53.3 -8.6% 63.1 -19.1% 77.6 -7.0% 70.0 -10.7%
+ ThinkLess 92.6 -100% 66.4 -100% 36.7 -100% 23.3 -100% 54.0 -100% 82.7 -100% 59.3 -100%
+ ThinkBrake-p 91.3 -42.5% 68.8 -50.4% 39.6 -63.1% 29.2 -66.6% 59.1 -62.8% 84.2 -49.2% 62.0 -55.8%
+ THINKBRAKE 91.7 -25.6% 70.4 -17.2% 73.3 -6.4% 53.3 -5.2% 67.7 -1.1% 80.0 -25.3% 72.7 -13.5%

Table 11: Math and science results on GSM8K, MATH500, AIME24, AIME25, GPQA-D, and ARC-C. We report
accuracy and ∆Tok (thinking token reduction vs. the Base decoding) for each model. This table presents the full
comparison including all baseline methods for all models.
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Model GSM8K MATH500 AIME 2024 AIME 2025 GPQA-D ARC-C

Qwen3-4B-Thinking 1,578 6,360 19,284 21,317 8,455 1,178
Qwen3-4B 2,407 5,250 13,000 15,163 7,497 798
Qwen3-14B 1,912 4,938 12,807 14,198 7,379 621
Qwen3-32B 1,794 4,650 12,278 13,727 6,626 726
DeepSeek-R1-7B 1,674 4,062 12,146 12,476 7,097 770
Phi-4-Reasoning 1,332 2,664 9,616 10,599 7,896 1,360

BFCL-v1 BFCL-v2 Meta-Tool

Model Simple Multiple Parallel Multi-Par. Simple Multiple Parallel Multi-Par. Single Multiple

Qwen3-4B-Thinking 1,072 965 1,199 1,621 1,094 1,832 1,473 2,397 1,946 1,336
Qwen3-4B 607 744 844 1,046 653 1,426 837 1,555 1,069 856
Qwen3-14B 545 725 834 975 612 1,372 944 1,470 1,091 873
Qwen3-32B 553 750 826 991 617 1,342 725 1,572 1,048 857
DeepSeek-R1-7B 669 959 815 1,152 743 1,702 816 1,623 1,144 1,187
Phi-4-Reasoning 1,259 1,480 1,574 2,050 1,641 2,582 1,692 2,607 2,104 1,966

Table 12: Average token counts for base models across all datasets and models.

BFCL-v1 BFCL-v2 Meta-Tool

Model Simple Multi Parallel Multi-Par. Simple Multi Parallel Multi-Par. Single Multiple Avg.

Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok Acc ∆Tok

Qwen3-4B-Thinking 88.2 – 90.5 – 93.5 – 90.5 – 79.8 – 83.4 – 87.5 – 79.2 – 69.7 – 85.5 – 84.8 –
+ NoWait 83.6 -33.1% 88.0 -11.5% 88.5 -44.4% 88.5 -53.5% 75.6 -29.9% 80.3 -16.5% 81.3 -50.7% 75.0 -66.5% 68.9 0.1% 84.7 -11.2% 81.4 -31.7%
+ ThinkLess 86.2 -8.1% 93.0 -2.2% 79.5 -100.0% 83.0 -100.0% 81.0 -5.9% 82.9 -4.1% 37.5 -100.0% 45.8 -100.0% 67.4 -100.0% 86.5 -100.0% 74.3 -62.0%
+ ThinkBrake-p 88.0 -40.0% 90.5 -16.7% 78.0 -26.9% 42.5 -33.4% 79.5 -34.8% 81.7 -20.4% 62.5 -28.5% 29.2 -43.8% 70.8 -25.8% 86.7 -12.7% 70.9 -28.3%
+ THINKBRAKE 87.3 -32.9% 90.0 -12.4% 95.5 -26.8% 90.5 -28.2% 82.2 -29.9% 82.9 -16.7% 87.5 -32.3% 87.5 -18.9% 72.4 -20.6% 86.3 -9.0% 86.2 -22.8%

Qwen3-4B 88.2 – 92.0 – 90.0 – 83.0 – 80.2 – 81.0 – 81.2 – 70.8 – 74.3 – 90.5 – 83.1 –
+ NoWait 88.2 -16.3% 90.5 -1.5% 88.0 -13.5% 84.0 1.2% 78.3 -9.6% 80.0 -5.8% 75.0 -5.1% 75.0 -11.1% 72.5 -3.1% 90.5 -8.4% 82.2 -7.3%
+ ThinkLess 86.4 -100.0% 89.5 -100.0% 87.5 -100.0% 83.5 -100.0% 71.3 -100.0% 76.4 -100.0% 56.2 -100.0% 62.5 -100.0% 69.1 -100.0% 92.2 -100.0% 77.5 -100.0%
+ ThinkBrake-p 87.3 -13.5% 93.0 -4.6% 90.5 -14.8% 84.0 -4.8% 80.2 -6.9% 81.8 -3.5% 75.0 -15.1% 75.0 -12.7% 73.5 -1.5% 90.3 -2.9% 83.1 -8.0%
+ THINKBRAKE 87.8 -12.5% 92.5 -5.2% 89.5 -16.5% 83.5 -12.0% 79.1 -9.0% 81.2 -2.9% 62.5 -21.1% 75.0 -10.2% 72.7 -1.4% 91.1 -3.0% 81.5 -9.4%

Qwen3-14B 87.8 – 93.0 – 92.0 – 83.5 – 80.6 – 81.1 – 62.5 – 70.8 – 63.3 – 84.9 – 80.0 –
+ NoWait 87.1 -7.5% 92.0 -0.6% 90.0 -16.3% 84.0 1.8% 77.9 -7.0% 79.8 -4.9% 62.5 -30.1% 62.5 -10.9% 61.2 -2.4% 84.5 -5.8% 78.2 -8.4%
+ ThinkLess 88.4 -100.0% 87.5 -100.0% 90.0 -100.0% 87.0 -100.0% 74.4 -100.0% 77.9 -100.0% 56.2 -100.0% 50.0 -100.0% 69.7 -100.0% 83.5 -100.0% 76.5 -100.0%
+ ThinkBrake-p 88.4 -9.4% 92.5 -2.2% 91.5 -23.5% 86.0 -16.0% 77.9 -10.1% 80.7 -5.3% 68.8 -29.9% 50.0 -14.6% 64.6 -2.1% 85.9 -4.8% 78.6 -11.8%
+ THINKBRAKE 87.8 -9.5% 92.0 -4.1% 93.0 -21.2% 85.0 -14.2% 78.3 -7.7% 79.7 -5.2% 62.5 -25.4% 62.5 -7.6% 66.3 -1.6% 85.7 -4.5% 79.3 -10.1%

Qwen3-32B 88.0 – 90.0 – 93.0 – 85.0 – 83.7 – 80.7 – 68.8 – 70.8 – 64.8 – 84.3 – 80.9 –
+ NoWait 87.3 -7.8% 88.0 -4.0% 91.0 -13.0% 82.5 -5.0% 80.6 -6.2% 79.0 -1.6% 68.8 -3.9% 62.5 -14.3% 63.8 3.6% 83.9 1.3% 78.7 -5.1%
+ ThinkLess 89.1 -100.0% 87.5 -100.0% 91.5 -100.0% 88.0 -100.0% 77.1 -100.0% 81.3 -100.0% 68.8 -100.0% 58.3 -100.0% 72.3 -100.0% 82.7 -100.0% 79.7 -100.0%
+ ThinkBrake-p 89.1 -0.5% 91.5 -3.2% 92.0 -12.3% 84.5 -7.1% 80.2 -6.2% 80.8 -0.7% 75.0 -9.1% 66.7 -15.6% 64.4 -1.6% 85.1 -3.3% 80.9 -6.0%
+ THINKBRAKE 88.9 -5.4% 91.0 -3.7% 91.0 -14.3% 90.0 -7.3% 79.8 -7.8% 81.5 -2.2% 68.8 -4.6% 58.0 -13.3% 64.4 -1.5% 85.5 -1.1% 79.9 -6.1%

DeepSeek-R1-7B 57.8 – 61.0 – 52.5 – 38.0 – 54.7 – 41.7 – 43.8 – 29.2 – 63.2 – 80.3 – 52.2 –
+ NoWait 63.3 -2.2% 65.5 0.7% 62.0 -4.0% 42.5 -6.9% 57.8 -2.0% 39.6 -3.2% 50.0 -8.9% 20.8 11.0% 64.9 0.6% 73.2 -19.3% 54.0 -3.4%
+ ThinkLess 9.6 -100.0% 23.5 -100.0% 5.0 -100.0% 5.0 -100.0% 24.0 -100.0% 20.1 -100.0% 0.0 -100.0% 4.2 -100.0% 57.4 -100.0% 88.3 -100.0% 23.7 -100.0%
+ ThinkBrake-p 48.4 -9.7% 50.0 -9.1% 39.0 -12.1% 28.5 -11.6% 46.5 -8.3% 35.8 -7.7% 37.5 -5.8% 20.8 -5.2% 65.0 -9.3% 79.5 -26.3% 45.1 -10.5%
+ THINKBRAKE 45.3 -11.4% 50.5 -9.6% 42.0 -14.6% 37.0 -11.6% 46.1 -10.8% 35.8 -8.8% 43.8 -19.9% 16.7 -6.0% 63.4 -7.4% 76.3 -26.3% 45.7 -12.6%

Phi-4-Reasoning 82.7 – 88.0 – 87.5 – 77.5 – 70.9 – 72.6 – 81.2 – 58.3 – 77.7 – 90.5 – 78.7 –
+ NoWait 79.1 -6.8% 83.0 -11.1% 81.0 -1.3% 75.5 -13.2% 70.5 -16.7% 67.5 -12.5% 81.2 -6.4% 58.3 -11.9% 76.6 -8.5% 90.9 -15.4% 76.4 -10.4%
+ ThinkLess 65.8 -100.0% 72.5 -100.0% 73.5 -100.0% 68.5 -100.0% 56.2 -100.0% 66.3 -100.0% 87.5 -100.0% 50.0 -100.0% 76.3 -100.0% 90.5 -100.0% 70.7 -100.0%
+ ThinkBrake-p 80.4 -30.0% 85.5 -22.0% 88.5 -37.8% 80.0 -39.1% 62.8 -36.2% 62.8 -26.4% 87.5 -42.8% 50.0 -28.7% 75.2 -36.1% 91.3 -43.8% 76.4 -34.3%
+ THINKBRAKE 81.6 0.9% 87.5 -4.2% 84.5 2.7% 77.5 -6.4% 69.4 -8.1% 72.2 -1.9% 75.0 4.6% 70.8 -4.9% 77.2 -2.5% 90.3 -5.4% 78.6 -2.5%

Table 13: Results on BFCL-v1, BFCL-v2, and Meta-Tool benchmarks. We report accuracy and ∆Tok for all
subcategories (Simple, Multiple, Parallel, Multi-Parallel for BFCL; Single, Multiple for Meta-Tool) across all
methods.
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Figure 13: Token reduction across various threshold values τ for Qwen3-4B, Qwen3-4B-Thinking, and Qwen3-14B.

20



GSM8K GPQA-D ARC-C BFCL-V1 META-TOOL BFCL-V2 AIME2024 AIME2025 MATH500
0

10

20

30

40

50

60

To
ke

n 
R

ed
uc

tio
n 

(%
)

0.
0%

0.
0%

0.
0%

0.
0%

0.
0%

0.
0%

0.
0%

0.
0%

0.
0%

9.
1%

19
.9

%

8.
0%

7.
4%

0.
1% 3.

0% 6.
2%

4.
3%

1.
4%

10
.8

%

22
.5

%

8.
3%

7.
5%

1.
0% 1.
8%

6.
6%

5.
5%

3.
2%

12
.9

%

20
.6

%

9.
2% 10

.5
%

1.
3% 2.
4%

10
.5

%

10
.7

%

6.
6%

18
.5

%

30
.9

%

11
.8

%

14
.6

%

2.
7%

2.
9%

14
.6

%

6.
0% 6.
9%

Qwen3-32B

GSM8K GPQA-D ARC-C BFCL-V1 META-TOOL BFCL-V2 AIME2024 AIME2025 MATH500
0

10

20

30

40

50

60

To
ke

n 
R

ed
uc

tio
n 

(%
)

0.
0%

0.
0%

0.
0%

0.
0%

0.
0%

0.
0%

0.
0%

0.
0%

0.
0%

27
.4

%

55
.5

%

30
.3

%

11
.6

%

13
.9

%

8.
9%

26
.6

%

26
.6

%

18
.3

%

29
.9

%

56
.2

%

27
.8

%

11
.5

%

14
.5

%

8.
9%

29
.8

%

25
.4

%

18
.9

%

34
.6

%

62
.8

%

30
.0

%

12
.5

% 17
.2

%

9.
4%

36
.2

%

32
.2

%

25
.9

%

42
.2

%

71
.7

%

35
.6

%

14
.7

% 20
.2

%

10
.9

%

45
.6

%

48
.8

%

36
.8

%

DeepSeek-R1-7B

GSM8K GPQA-D ARC-C BFCL-V1 META-TOOL BFCL-V2 AIME2024 AIME2025 MATH500
0

10

20

30

40

50

60

To
ke

n 
R

ed
uc

tio
n 

(%
)

0.
0%

0.
0%

0.
0%

0.
0%

0.
0%

0.
0%

0.
0%

0.
0%

0.
0%

15
.9

%

4.
0%

18
.1

%

-2
.4

% 0.
1%

0.
5%

-1
.7

%

-3
.9

%

13
.5

%

15
.3

%

8.
5%

18
.6

%

-1
.7

%

0.
8%

-0
.3

% 3.
5%

2.
8% 6.

5%

21
.2

%

4.
6%

22
.2

%

-1
.1

% 2.
3%

1.
5%

5.
8%

0.
3%

12
.4

%

25
.6

%

1.
1%

25
.3

%

1.
4% 3.

4%

2.
7% 6.

4%

5.
2%

17
.2

%

Phi-4-Reasoning

Baseline = 0.1 = 0.25 = 1.0 = 2.5

Figure 14: Token reduction across various threshold values τ for Qwen3-32B, DeepSeek-R1-7B, and Phi-4-
Reasoning.
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Figure 15: Accuracy comparison across various threshold values τ for Qwen3-4B-Thinking, Qwen3-4B, and
Qwen3-14B.
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Figure 16: Accuracy comparison across various threshold values τ for Qwen3-32B, DeepSeek-R1-7B, and Phi-4-
Reasoning.
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Figure 17: Transition matrices showing prediction transitions before and after applying THINKBRAKE for all
models, aggregated across all benchmarks. High diagonal values indicate preserved accuracy.
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