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Abstract001

Chain-of-Thought (CoT) prompting improves002
reasoning but often produces long and redun-003
dant traces that substantially increase inference004
cost. We present SyncThink, a training-free005
and plug-and-play decoding method that re-006
duces CoT overhead without modifying model007
weights. We find that answer tokens at-008
tend weakly to early reasoning and focus on009
</think>, indicating an information bottle-010
neck. Building on this observation, Sync-011
Think monitors the model’s own reasoning-012
transition signal and terminates reasoning. Ex-013
periments on GSM8K, MMLU, GPQA, and014
BBH across three DeepSeek-R1 distilled mod-015
els show that SyncThink achieves 62.00% av-016
erage Top@1 accuracy using 656 generated to-017
kens and 28.68s latency, compared to 61.22%,018
2141 tokens, and 92.01s for full CoT decoding.019
On long-horizon tasks such as GPQA, Sync-020
Think can further yield up to +8.1 absolute021
accuracy by preventing over-thinking.022

1 Introduction023

Large language models (LLMs) (Vaswani et al.,024

2017; Zhang et al., 2025b) achieve strong reason-025

ing via Chain-of-Thought (CoT) prompting (Wei026

et al., 2022), but long CoT traces substantially in-027

crease inference cost. As Figure 1 shows, accu-028

racy gains quickly saturate beyond a token budget029

threshold, yielding diminishing returns. Consistent030

with prior findings that models over-think (Chen031

et al., 2025), often reach correct answers early (Liu032

and Wang, 2025), and can perform well with con-033

cise drafts (Xu et al., 2025), this points to a mis-034

match between generated length and true reasoning035

demand, leaving many tokens redundant for the036

final prediction.037

However, existing solutions remain limited.038

Training-based methods (Yao et al., 2023b; Bi et al.,039

2024; Ye et al., 2024; Zhang et al., 2024) require040

additional fine-tuning or specialized data, reduc-041

ing deployability. Training-free heuristics such as042
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Figure 1: Efficiency-Accuracy Trade-off. The blue curve
depicts the base model’s capability boundary. SyncThink
(red star) significantly surpasses this limit, occupying the top-
left Pareto frontier with higher accuracy and reduced token
usage. The bottom bars represent the marginal reasoning ef-
ficiency (∆Acc/∆Tokens). Our method achieves the highest
score (1.08), demonstrating that it effectively retains critical
reasoning while pruning redundancy. More results across four
datasets can be viewed in Appendix B.

Answer Convergence (Liu and Wang, 2025) and 043

sampling-based stopping rules (Sui et al., 2025) 044

rely on black-box consistency checks and repeated 045

probing, often adding extra inference cost without 046

leveraging the model’s intrinsic signals. 047

We formalize this inefficiency as Cognitive Lag: 048

the model has already reached a sufficient reason- 049

ing state, yet continues generating redundant to- 050

kens. From a Universal Reasoning Bottleneck 051

view, attention/saliency analyses (figure 2) show 052

that a transition token (e.g., </think>) acts as an 053

information bridge that compresses the reasoning 054

history into a decidable state. We therefore monitor 055

reasoning by tracking the step-wise logit rank of 056

this token (figure 3). Macro results on BBH further 057

reveal that accuracy saturates in an “optimal trun- 058

cation zone” (starting at ∼60% of the reasoning 059

progress), well before the model emits its intrinsic 060

termination signal. 061

To bridge this lag, we propose SyncThink, a 062

training-free decoding framework motivated by the 063
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Universal Reasoning Bottleneck. We view the064

shift from reasoning to answering as a semantic065

boundary, which is explicitly marked in reasoning-066

specialized models (e.g., </think> in DeepSeek-067

R1). SyncThink treats this transition token as a068

high-fidelity probe: by tracking its logit rank and069

entropy, we trigger dynamic early stopping when070

the model reaches information saturation.071

Experiments show that SyncThink achieves a072

better efficiency–accuracy trade-off. In Figure 1,073

SyncThink reaches 62.00% Top@1 accuracy with074

∼656 tokens, outperforming full CoT (61.22%,075

∼2141 tokens) while reducing the token budget076

by 69.4% (3.21× speedup). We further quantify077

this gain with a reasoning efficiency rate (bottom078

bars), defined as the accuracy improvement per079

additional token over the non-reasoning baseline080

(∆Acc/∆Tokens). Fixed truncation yields negli-081

gible or negative returns and full reasoning shows082

diminishing marginal utility (0.13), whereas Sync-083

Think achieves the highest efficiency score (1.08),084

indicating it preserves high-value reasoning while085

removing redundant “over-thinking” tokens.086

Our contributions are as follows:087

• We define Cognitive Lag in CoT reasoning and088

show, via micro/macro analyses, that accuracy089

saturates well before the model’s termination sig-090

nal.091

• We introduce a Universal Reasoning Bottleneck092

view and, supported by attention/saliency evi-093

dence (figures 2 to 3), establish </think> as a094

high-fidelity probe of the reasoning-to-answer095

transition.096

• We propose SyncThink, a training-free decod-097

ing method that monitors intrinsic logit signals098

to dynamically truncate redundant reasoning, im-099

proving efficiency while preserving or improving100

accuracy across tasks.101

2 Related Work102

2.1 LLMs Reasoning103

Chain-of-Thought (CoT) prompting (Wei et al.,104

2022) fundamentally enhances LLMs by decom-105

posing complex tasks into intermediate reason-106

ing steps. This paradigm has been further ex-107

tended by strategies like Self-Consistency (Wang108

et al., 2022), which improves robustness via path109

aggregation, and Tree-of-Thoughts (Yao et al.,110

2023a), which introduces structured planning.111

Most recently, advanced models such as Ope-112

nAI’s o1, Alibaba’s QwQ (Team, 2025), and113

DeepSeek’s R1 (Guo et al., 2025) integrate re- 114

flective capabilities—including trial-and-error and 115

self-correction—directly into the reasoning pro- 116

cess, moving beyond static prompting to dynamic 117

inference (Shinn et al., 2023). 118

2.2 CoT Compression 119

Efficient CoT generation is primarily addressed 120

through two paradigms: training-based compres- 121

sion and inference-time optimization (Qu et al., 122

2025a; Sui et al., 2025). Training approaches aim 123

to minimize reasoning overhead by either prun- 124

ing explicit tokens based on difficulty (Han et al., 125

2024; Zhang et al., 2025a) or mapping thoughts to 126

latent states (Chen et al., 2024; Qu et al., 2025b). 127

In contrast, inference-time methods like Sketch- 128

of-Thought (Aytes et al., 2025; Xu et al., 2025) 129

achieve efficiency by generating concise reasoning 130

drafts, bypassing the need for model retraining. 131

Our SyncThink aligns with prior work on 132

inference-time CoT optimization, but differs in that 133

it is entirely training-free and model-agnostic, mak- 134

ing it readily applicable to DeepSeek-R1 distilled 135

models. Instead of learning to compress reasoning, 136

SyncThink dynamically identifies the reasoning 137

state from the model’s logits and lightweightly trun- 138

cates redundant reasoning once completion signal 139

is detected, while a logit-driven completion mech- 140

anism restores output quality and formatting with 141

minimal overhead. 142

3 Methodology 143

We propose SyncThink, a training-free framework 144

designed to optimize CoT reasoning efficiency by 145

eliminating redundant computation. To ground this 146

approach in the model’s intrinsic mechanics, our 147

methodology proceeds through a rigorous analyti- 148

cal pipeline: 149

(1) Mechanism Identification (§3.2): Through 150

attention and saliency analysis, we first validate 151

the </think> token as a critical Information 152

Bottleneck, establishing it as a high-fidelity 153

probe for monitoring internal reasoning states. 154

(2) Phenomenon Quantification (§3.3): By track- 155

ing the temporal dynamics of this probe, we 156

reveal the Cognitive Lag. Our micro-level 157

phase analysis and macro-level accuracy statis- 158

tics jointly demonstrate that answer saturation 159

precedes the model’s explicit termination. 160

(3) Algorithm Design (§3.4): Building on these 161

insights, we formulate SyncThink, a heuristic 162
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Figure 2: Empirical evidence of the Universal Reasoning Bottleneck on a GSM8K example. (a) At Layer 29,
attention concentrates on the </think> boundary rather than reasoning tokens (more layers in Fig. 8). (b) Saliency
analysis shows that information transfer from Reasoning to Answer is negligible (red line), while the dominant
pathway is mediated by </think> (purple line), suggesting reasoning is compressed into this transition token.

strategy that leverages dynamic rank and en-163

tropy thresholds to intervene precisely at the164

point of information saturation.165

3.1 Problem Formulation: The166

Efficiency-Accuracy Trade-off167

Given a question q, an LLM generates a reasoning168

chain r = (r1, . . . , rL) followed by an answer a.169

While r generally enhances the conditional proba-170

bility P (a|q, r), the computational cost scales lin-171

early with L. Recent observations in the litera-172

ture (Chen et al., 2025; Liu and Wang, 2025) indi-173

cate that this performance gain exhibits diminishing174

returns: accuracy tends to saturate rapidly after an175

initial rise, implying that extending L beyond a176

critical point yields negligible gains.177

Therefore, our objective is to find an optimal178

truncation point t̂ that maximizes accuracy while179

minimizing cost:180

t̂ = argmax
t

(A(t)− α · Cost(t)) (1)181

Since the true accuracy A(t) is unobservable182

during inference, we seek an intrinsic proxy from183

the model’s internal state to estimate reasoning184

sufficiency.185

3.2 Attention Analysis: The Information186

Bottleneck187

To identify an intrinsic proxy, we first examine188

internal attention maps, as self-attention governs189

information flow in Transformers. As shown in Fig-190

ure 2, deep-layer attention allocates negligible mass191

to individual reasoning tokens and instead concen- 192

trates on the </think> boundary. This observation 193

suggests that (i) the reasoning span contains sub- 194

stantial redundancy, and (ii) </think> serves as an 195

information bottleneck where critical context is 196

compressed and accumulated for answer genera- 197

tion. 198

Further, to validate these hypotheses, we em- 199

ploy Saliency Score analysis following Wang et al. 200

(2023). This framework quantifies the contribution 201

of specific attention regions by measuring the sen- 202

sitivity of the loss function to masked perturbations 203

via a first-order Taylor approximation: 204

∆L ≈ α

〈
Ah,l ⊙

∂L

∂Ah,l
, M

〉
F

. (2) 205

This approximation reveals that saliency is es- 206

sentially the element-wise product of the attention 207

activations and their gradients within the masked 208

region. 209

As illustrated in Figure 2, this analysis yields 210

three key insights regarding the reasoning mecha- 211

nism: 212

• The </think> Token as an Information 213

Bridge: The information flow follows a “Rea- 214

soning → </think> → Answer” path. Direct 215

saliency from reasoning tokens to the answer is 216

negligible, confirming that </think> serves as a 217

critical mediator that aggregates context before 218

generation. 219

• Early Aggregation and Logic Construction: 220

Saliency peaks in shallow layers (1–2) for context 221
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“How would a typical person 
answer each of the following 
questions about causation?\nBilly 
and Suzy work for the same 
company…”

Phase I: Problem Restatement 
"First, the scenario: Billy and Suzy work 
for the same company...", "Now, the 
question is whether Suzy caused..."
Phase II: Logic Identification
"I think the key here is understanding 
causation.", "The company's policy 
states that if...", "If the system is set up 
to delete emails..."
Phase III: Iterative Reasoning
"However, in legal terms...", "But I'm 
not entirely sure.", "Wait, but if the 
system deletes...", "Alternatively, if..."
Phase IV: Final Conclusion
"So, in conclusion, I think the answer is 
Yes..."

Phase I Phase II Phase IVPhase III

Figure 3: The rationale behind SyncThink. (Top) Micro-Dynamics: The </think> rank provides a real-time signal that
tracks the four reasoning phases in §3.3. (Bottom) Macro-Statistics: On BBH, we observe a cognitive lag: truncation accuracy
(blue) saturates within the shaded optimal truncation zone well before the model’s intrinsic termination signal (red).

compression, while core logical decision-making222

is centralized in the middle layers (5–15). This223

indicates that the primary information processing224

occurs in the early-to-mid stages of the network.225

• Completion of Information Integration: In226

deeper layers (> 20), saliency scores across227

all key paths diminish significantly (quiescence).228

This confirms that critical information migration229

to </think> is fully concluded, rendering further230

explicit retrieval of reasoning history redundant.231

Our saliency analysis identifies </think> as a crit-232

ical information bottleneck where reasoning con-233

tent is distilled, while intermediate tokens exhibit234

rapid saliency decay. This phenomenon is not lim-235

ited to specific instances and is analyzed in detail in236

Appendix C. Consequently, the model’s primary re-237

liance on this distilled signal supports our strategy238

of using it for dynamic early stopping.239

3.3 The Temporal Dynamics of Reasoning240

Completeness241

Building on the identification of where informa-242

tion concentrates, we now examine the temporal243

dynamics to determine when reasoning becomes244

sufficient. Specifically, we track the evolution of245

the </think> token’s rank, defined as the rank of246

its logit among the full vocabulary at each decod-247

ing step. We use this step-wise logit rank as a248

lightweight proxy for the model’s internal reason-249

ing state. As shown in Figure 3 (Top), the rank250

trajectory maps to four distinct cognitive phases:251

Phase I: Problem Restatement (Sharp Descent). 252

The rank initially precipitates from the start to 253

> 104. This marks the transition from instruc- 254

tion encoding to reasoning initiation, indicating 255

the model’s commitment to generating a long-form 256

chain rather than an immediate answer. 257

Phase II: Logic Identification (Initial Recovery). 258

A steady recovery to ∼ 103 follows, correspond- 259

ing to the Orientation stage. As the model struc- 260

tures the problem space and identifies a viable logi- 261

cal path, the uncertainty regarding termination de- 262

creases. 263

Phase III: Iterative Reasoning (Volatile Plateau). 264

The rank oscillates between 102 and 103. These 265

fluctuations reflect Self-Reflection: local peaks sug- 266

gest the completion of sub-steps, while subsequent 267

drops indicate the activation of verification or back- 268

tracking mechanisms during conflict resolution. 269

Phase IV: Final Conclusion (Linear Ascent). 270

Upon resolving the internal debate, the trajectory 271

shifts to a decisive, linear ascent to Top-1. Unlike 272

the fluctuations in Phase III, this irreversible rise 273

serves as a deterministic signal that the reasoning 274

process is concluded. 275

This analysis highlights the limitation of fixed 276

token budgets, which fail to distinguish between 277

necessary formulation (Phase II) and potentially 278

redundant exploration (Phase III). Our framework 279

leverages these rank trends to detect latent termi- 280

nation signals, enabling dynamic truncation dur- 281
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ing periods of "overthinking" to prevent redundant282

computation.283

Macro-Statistics: The Cognitive Lag. We fur-284

ther aggregate reasoning trajectories across the285

BBH dataset to analyze macro-level trends (Fig-286

ure 3, Bottom). Here, the red curve depicts the287

median rank of the </think> token overlaid on in-288

dividual sample traces (grey), while the blue dashed289

line indicates the Top-1 accuracy achievable by290

truncating generation at the corresponding progress291

percentage.292

This macro-view reveals a critical decoupling293

between model capability and generation policy,294

termed "Cognitive Lag". Specifically, as reason-295

ing progresses beyond 60%, the truncation accu-296

racy (blue) enters a saturation plateau, recovering297

to near-optimal levels. Paradoxically, the model’s298

intrinsic termination signal (red) remains deeply299

suppressed (rank ∼ 103) throughout this phase, in-300

dicating a lack of confidence to terminate despite301

having effectively solved the problem. This mis-302

alignment drives the model to engage in prolonged,303

low-utility reasoning to pursue negligible perfor-304

mance gains.305

Consequently, a dynamic intervention mecha-306

nism is required to decouple termination from the307

model’s inertia, intervening precisely when infor-308

mation saturation is detected.309

3.4 SyncThink: A Dynamic Reasoning310

Termination Method Based on the Logit311

Our investigation reveals a mechanism of Pro-312

gressive Information Condensation, where the313

model aggregates reasoning logic into evolving314

hidden states and employs the </think> token as315

a “summary embedding” of completeness. This316

dynamic reflects a Mechanism Competition be-317

tween Exploration and Conclusion modes, where a318

rising rank of </think>—indicative of state satu-319

ration—signals the model’s readiness to transition.320

Addressing the noise sensitivity caused by the mag-321

nitude dominance of raw logits, we demonstrate322

that the token Rank serves as an intrinsic proxy for323

information sufficiency.324

Motivated by this, we introduce a heuristic dy-325

namic truncation mechanism. When the rank of the326

terminator token ascends to a sufficiently high po-327

sition, we manually inject </think> to terminate328

the reasoning process. We formulate this strategy329

as follows:330

Istop(t) =

{
1 if Rt(</think>) ≤ τ(t,pt)

0 otherwise
(3) 331

Here, Rt(</think>) denotes the rank of the ter- 332

minator token within the current probability dis- 333

tribution pt (0-indexed). The dynamic threshold 334

τ(t,pt) is modulated by both temporal pacing and 335

model uncertainty: 336

τ(t,pt) = ⌊β(t) · exp(−λ · H(pt))⌋ (4) 337

The components of the threshold are defined as 338

follows: 339

• Time-Dependent Pacing β(t): We directly em- 340

ploy t as the time-scale control factor. As t in- 341

creases, the threshold rises accordingly, aligning 342

with the intuition that longer reasoning chains 343

are increasingly prone to redundancy. Addition- 344

ally, we impose an upper bound Tmax to prevent 345

the threshold from becoming excessively loose 346

in extended sequences, thereby avoiding indis- 347

criminate truncation. 348

• Entropy-Aware Scaling H(pt): We compute 349

the Shannon entropy of the next-token distribu- 350

tion to adjust for model confidence: 351

H(pt) = −
∑
v∈V

pt(v) log pt(v) (5) 352

where V is the vocabulary. High entropy (uncer- 353

tainty) reduces the threshold via the term e−λH, 354

tightening the constraint to prevent premature 355

truncation during exploration phases (Wang et al., 356

2025). Conversely, low entropy encourages com- 357

mitment to a conclusion. 358

Once the condition Istop(t) = 1 is met, we man- 359

ually inject the </think> token and proceed to the 360

answer generation phase. 361

4 Experimental Setup 362

Datasets To comprehensively evaluate our pro- 363

posed method across diverse reasoning and 364

knowledge-intensive scenarios, we conduct experi- 365

ments on the following four benchmark datasets: 366

• GSM8K (Cobbe et al., 2021): Evaluates multi- 367

step arithmetic reasoning via grade-school math 368

problems. 369

• MMLU (Hendrycks et al., 2020): Assesses gen- 370

eral knowledge across 57 diverse domains, rang- 371

ing from elementary to professional levels. 372
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• GPQA (Rein et al., 2024): Tests high-level con-373

ceptual understanding with graduate-level scien-374

tific questions.375

• BBH (Suzgun et al., 2022): Stress-tests models376

on hard-to-solve tasks involving symbolic and377

logical planning.378

Backbone. We select models in the 7B–14B379

range, reflecting practical constraints while main-380

taining strong reasoning capabilities.381

Qwen2.5-7B/14B (Yang et al., 2024): Leading382

open-source models with robust reasoning perfor-383

mance. LLaMA3.1-8B (Grattafiori et al., 2024): A384

balanced model optimized for efficient instruction385

following. Identical decoding settings are applied386

across all baselines for consistent comparison.387

Baselines. We compare SyncThink against five388

baselines: (1) Full CoT: Generates complete rea-389

soning traces, serving as the inference-time quality390

upper bound; (2) No CoT: Directly generates an-391

swers without reasoning; (3) Fixed-Ratio Trunca-392

tion: A heuristic that stops reasoning at a predeter-393

mined length ratio; (4) Answer Convergence (Liu394

and Wang, 2025): A probing method that triggers395

early stopping when intermediate answer predic-396

tions stabilize across k consecutive segments. Ad-397

ditionally, on GSM8K, we include an SFT Ora-398

cle/Upper Bound (fine-tuned on gold reasoning399

traces) to benchmark the maximum achievable per-400

formance via supervised learning.401

All baselines are evaluated with identical402

prompts and answer extraction, and we match the403

generation budget across methods whenever appli-404

cable, enabling an apples-to-apples comparison of405

accuracy and efficiency.406

Metrics. We evaluate each method from both ef-407

fectiveness and efficiency perspectives using three408

primary metrics: Top-1 accuracy (Top@1↑), wall-409

clock inference time (Time↓), and the number of410

generated tokens (Tokens↓). Top@1 accuracy is411

computed as the exact-match rate under a unified412

answer parser for each benchmark.413

Decoding parameters. Unless otherwise speci-414

fied, all results are obtained under greedy decod-415

ing (temperature = 0 and no stochastic sampling)416

with max_new_tokens= 8192 for all methods. Un-417

der this setting, generation is (near-)deterministic418

given the same model, tokenizer, prompts, and in-419

puts; consequently, we report results from a single420

deterministic run per configuration. More specific421

details can be seen in Appendix A. For our trun- 422

cation strategy in Eq. 4, we tune λ on the held-out 423

validation set and fix it to λ = 0.8, which is then 424

applied unchanged to all test benchmarks; we also 425

set β(t) = t (the decoding step) to gradually relax 426

the early-exit constraint as generation proceeds. 427

5 Results and Analysis 428

5.1 Main Results 429

Table 1 presents the performance comparison 430

across four benchmarks. As indicated by the aver- 431

age results, SyncThink achieves a superior trade- 432

off between reasoning quality and inference effi- 433

ciency. Notably, SyncThink yields the highest 434

average Top@1 accuracy (62.00%), surpassing the 435

Full Reasoning baseline (61.22%) while requiring 436

only ∼30% of the token generation cost (655.80 vs. 437

2141.25 tokens). This suggests that our dynamic 438

truncation mechanism effectively identifies the crit- 439

ical reasoning path without redundant computation. 440

5.2 Mitigating Over-Thinking via Information 441

Synchronization 442

Models often succumb to “over-thinking,” where 443

valid reasoning degrades into hallucination due to 444

delayed termination. SyncThink addresses this by 445

synchronizing generation with internal information 446

saturation. 447

Case Study: Pruning Harmful Redundancy. 448

Figure 6 presents a representative GPQA example 449

where more reasoning becomes worse. The Full 450

CoT baseline reaches a correct intermediate state 451

and is already poised to answer. However, instead 452

of committing, it continues generating additional 453

derivations and self-corrections (e.g., “Wait, but 454

I need to relate this to...”), gradually drifting into 455

an unnecessary re-formulation of the problem and 456

ultimately outputting an incorrect option (C). In 457

contrast, SyncThink monitors the logit dynamics 458

of the reasoning-state transition token </think> 459

and identifies the onset of this detrimental redun- 460

dancy. As highlighted in the figure, SyncThink trig- 461

gers an early exit at the earlier </think> boundary 462

(upper marker), where the model’s information has 463

already saturated, and directly produces the correct 464

answer (A), avoiding the later over-thinking branch 465

that leads to error. 466

Adaptive Truncation. Our method also adapts to 467

task complexity. On simple benchmarks (GSM8K), 468
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Method GSM8K MMLU GPQA BBH Avg Res

Top@1 Time Tokens Top@1 Time Tokens Top@1 Time Tokens Top@1 Time Tokens Top@1 Time Tokens

DeepSeek-R1-Qwen2.5-7b

Full Reasoning 87.57 18.79 440 61.15 73.00 1676 30.30 231.58 5444 65.86 44.65 1005 61.22 92.01 2141
No Reasoning 88.09 11.39 266 53.26 12.01 276 32.82 25.90 609 61.21 16.08 362 58.85 16.35 378

Reasoning Ratio(r = 0.25) 85.52 13.45 317 49.85 28.41 674 24.75 78.89 1879 59.39 19.51 439 54.88 35.07 827
Reasoning Ratio(r = 0.5) 85.97 15.22 359 52.48 42.61 1005 25.76 131.20 3170 63.64 29.35 660 56.96 54.60 1299
Reasoning Ratio(r = 0.75) 86.43 17.05 417 57.55 58.75 1421 31.31 184.43 4458 65.67 37.38 841 60.24 74.40 1784

SFT Model 77.41 4.53 106 51.41 15.80 363 32.32 39.44 927 48.28 30.84 694 52.36 22.65 523
Answer Convergence 87.82 15.28 278 57.12 34.64 754 31.38 180.38 3919 62.36 27.21 503 59.67 64.38 1364
SyncThink 87.49 14.39 383 59.10 28.13 643 38.38 47.73 1116 63.03 24.46 541 62.00 28.68 671

DeepSeek-R1-Qwen2.5-14b

Full Reasoning 93.33 35.24 493 81.60 105.67 1465 43.43 378.28 5300 85.25 92.34 1287 75.90 152.88 2136
No Reasoning 92.04 18.07 251 74.88 21.65 299 40.91 49.92 698 77.37 17.66 247 71.30 26.83 374

Reasoning Ratio(r = 0.25) 91.15 22.59 319 66.52 44.68 630 35.48 140.23 2021 76.88 37.40 525 67.50 61.23 874
Reasoning Ratio(r = 0.5) 91.62 27.09 379 70.03 63.90 888 36.92 217.19 3173 82.38 57.00 807 70.24 91.30 1312
Reasoning Ratio(r = 0.75) 92.12 31.17 459 76.80 87.14 1271 44.88 300.80 4455 85.00 73.78 1070 74.70 123.22 1814

SFT Model 84.43 156.58 2191 64.23 329.49 4569 44.04 367.26 5145 70.59 341.63 4763 65.82 298.74 4167
Answer Convergence 92.23 33.49 381 75.33 70.29 744 41.91 188.38 3741 79.38 68.38 735 72.21 90.14 1400
SyncThink 93.03 31.59 442 77.99 61.59 852 46.97 126.29 1764 83.84 58.65 817 75.46 69.53 969

DeepSeek-R1-LLaMA3.1-8b

Full Reasoning 78.47 23.66 498 62.80 99.38 2076 24.24 283.49 5978 73.33 69.03 1445 59.71 118.89 2499
No Reasoning 80.51 12.72 267 58.33 15.15 315 32.83 28.16 595 63.03 12.68 263 58.68 17.18 360

Reasoning Ratio(r = 0.25) 76.63 15.52 340 51.20 36.58 768 19.80 97.74 2146 66.13 27.98 588 53.44 44.46 963
Reasoning Ratio(r = 0.5) 77.04 18.49 403 53.90 58.99 1236 20.61 159.96 3455 70.86 40.87 850 55.60 69.58 1525
Reasoning Ratio(r = 0.75) 77.45 21.16 486 59.10 79.42 1731 25.05 220.97 4885 73.12 54.95 1195 58.68 94.13 2049

SFT Model 63.99 3.99 84 46.45 10.53 220 24.75 23.51 496 49.29 17.12 358 46.12 13.79 289
Answer Convergence 78.18 15.33 385 59.13 54.93 538 28.98 174.58 3959 65.38 43.78 840 57.92 72.16 1431
SyncThink 78.32 19.85 419 59.98 41.91 872 33.84 76.29 1602 67.68 38.24 796 59.96 44.07 922

Table 1: Comparison of different methods across GSM8K, MMLU, GPQA, and BBH datasets on DeepSeek-R1-
Qwen2.5 and LLaMA3.1 models. We report Top@1 accuracy, Time, and Tokens usage.

SyncThink applies conservative truncation, pre-469

serving linear reasoning paths. Conversely, on com-470

plex tasks (GPQA), it exhibits a higher truncation471

rate. This confirms that SyncThink selectively tar-472

gets the “over-thinking” loops prevalent in difficult473

reasoning, rather than indiscriminately shortening474

all responses.475

5.3 Universality of the Reasoning Bottleneck476

A natural question is whether our reliance on the477

</think> signal is specific to DeepSeek-R1-style478

training. We argue that it reflects a more general479

mechanistic pattern in LLMs: attention heads of-480

ten concentrate probability mass on a small set of481

“sink” tokens that stabilize internal state and aggre-482

gate long-range context. In CoT decoding, the shift483

from a divergent reasoning phase to a convergent484

answering phase requires such a semantic bound-485

ary, which effectively compresses the preceding ra-486

tionale into a decidable state. DeepSeek-R1 makes487

this boundary explicit via </think>, while other488

models may realize the same function implicitly489

through discourse markers (e.g., Therefore, Thus)490

or role separators. Therefore, SyncThink leverages491

</think> as a concrete instance of a Reasoning492

Attention Sink (Xiao et al., 2023), and the core493

idea remains applicable whenever an equivalent494

transition token can be identified. We provide a 495

more detailed discussion in Appendix C. 496

5.4 Efficiency and Pareto Trade-off 497

SyncThink effectively shifts the accuracy– 498

efficiency Pareto frontier outward. On average, 499

it matches Full Reasoning accuracy (62.00% 500

vs. 61.22%) while reducing token consumption 501

by ∼70% (655.80 vs. 2141.25). This contrasts 502

with static heuristics that merely trade accuracy 503

for speed, and SFT baselines which fail due to 504

surface-level mimicry—often resulting in either 505

aggressive over-truncation or degenerate infinite 506

loops. The benefits are most pronounced on com- 507

plex tasks like GPQA, where SyncThink (38.38%) 508

outperforms both Full Reasoning (30.30%) and 509

No Reasoning (32.82%) by mitigating error 510

accumulation. Overall, SyncThink offers a 511

superior operating point, translating token savings 512

into practical latency and memory reductions. 513

Architectural Robustness. Table 1 confirms 514

SyncThink’s consistency across diverse architec- 515

tures (LLaMA and Qwen families, 7B–14B). No- 516

tably, it achieves a ∼3× speedup on Qwen-7B with 517

preserved accuracy. This validates the </think> 518

logit gap as a robust, model-agnostic indicator for 519
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Figure 4: Efficiency-Accuracy Trade-off. SyncThink demonstrates superior Pareto efficiency compared to Full
CoT, SFT, and static truncation baselines. The red star indicates our method achieves the best balance between
token reduction and model performance across all evaluated models.
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Figure 5: Ablation study on λ.

5.5 Parameter Analysis521

To avoid overfitting to evaluation benchmarks,522

we tune the entropy weight λ on a held-out523

MATH500 (Lightman et al., 2023) validation set,524

sweeping λ and measuring Top@1 accuracy and525

average generation length (Figure 5).526

Increasing λ monotonically shortens genera-527

tions, confirming it controls truncation aggressive-528

ness. Accuracy drops as λ grows, yielding a clear529

accuracy–length Pareto trade-off. Thus, λ pro-530

vides a simple knob to select the desired efficiency–531

performance operating point.532

5.6 Performance Across Diverse Tasks533

SyncThink generalizes effectively across diverse534

domains, surpassing the Full Reasoning baseline535

with over 60% computational savings. Notably, this536

is achieved using a unified hyperparameter config-537

uration without task-specific fine-tuning. On com-538

plex benchmarks like GPQA, our method success-539

fully mitigates “over-thinking” by halting genera- 540

tion before hallucinations occur: for Qwen2.5-7B, 541

SyncThink improves accuracy from 30.30% (Full 542

Reasoning) to 38.38%. This stability confirms that 543

SyncThink captures intrinsic reasoning patterns. 544

The hyperparameters thus serve not as sensi- 545

tive tuning variables, but as a consistent lever 546

for users to prioritize either extended reasoning 547

for marginal gains or aggressive truncation for 548

efficiency. 549

6 Conclusion 550

We propose SyncThink, a training-free and model- 551

agnostic decoding framework that synchronizes 552

CoT generation with the model’s intrinsic reason- 553

ing sufficiency signals. Our key insight is that 554

these signals already indicate where and when rea- 555

soning becomes sufficient. Attention analyses re- 556

veal an information bottleneck at the reasoning 557

boundary token (e.g., </think>), while temporal 558

dynamics show the model can sense its reasoning 559

state. Due to training-induced generation bias, the 560

emitted termination is often delayed, causing Cog- 561

nitive Lag—the model is already decidable yet 562

continues producing redundant tokens. SyncThink 563

addresses this misalignment with a lightweight 564

decision rule that aligns decoding with informa- 565

tion saturation, reducing unnecessary computation 566

while preserving answer quality. Empirically, Sync- 567

Think matches Full Reasoning accuracy on aver- 568

age (62.00% vs. 61.22%) with ∼70% fewer to- 569

kens (655.80 vs. 2141.25), and improves GPQA to 570

38.38% (vs. 30.30% Full; 32.82% No). 571
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7 Limitations572

While our proposed method demonstrates effective-573

ness, we acknowledge two aspects regarding the574

scope of our current analysis:575

• Cross-Model Validation. Our experiments576

mainly focus on models that expose an explicit577

reasoning-to-answer boundary (e.g., </think>).578

As discussed in Appendix C, we view </think>579

as a surface realization of a more general580

attention-dynamics phenomenon (e.g., sink-like581

attractor behavior) around phase transitions,582

rather than a model-specific artifact. Due to time583

constraints, we do not conduct a large-scale cross-584

model study in this submission; comprehensive585

validation across diverse model families.586

• Scale Verification: Our current experiments587

have not yet extended to larger-scale models588

(e.g., 70B+ parameters). As model behavior and589

attention redundancy often evolve with scale, fur-590

ther empirical study is needed to confirm the591

consistency of the information bottleneck phe-592

nomenon and the optimal configuration of our593

method in massive-scale settings.594

8 Ethical Considerations595

We use publicly available datasets and model check-596

points under licenses permitting research use; li-597

cense terms and restrictions are summarized in Sec-598

tion 4. All artifacts are used in accordance with599

their intended purposes specified by the original600

providers. We also use an LLM only for writing601

assistance and language polishing.602
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A Implementation Details761

A.1 Inference Configuration762

We conduct all inference experiments using the763

transformers library on a high-performance clus-764

ter node equipped with 8 × NVIDIA H800 GPUs.765

To ensure reproducibility, we set the random seed766

to 5 across all runs. The specific hyperparameters767

for generation are listed below:768

• Decoding Strategy: We utilize greedy decoding769

(do_sample=False) to eliminate randomness in770

the generation trajectory and ensure deterministic771

evaluation results.772

• Precision: All models are loaded in bfloat16773

precision to balance computational efficiency and774

numerical stability.775

• Batch Size: We set the inference batch size to776

1 to simulate a real-world streaming latency sce-777

nario.778

• Max Generation Length: The maximum num-779

ber of new tokens is set to 8192 to accommodate780

the full reasoning chain of the baseline models.781

A.2 Latency Measurement Protocol782

To rigorously evaluate the efficiency of our pro-783

posed SyncThink method, we define the inference784

latency metric to include the full end-to-end pro-785

cessing time. Specifically, the reported time Ttotal786

is calculated as:787

Ttotal = Tgen + Tmetric + Teval (6)788

where:789

• Tgen denotes the raw model generation time.790

• Tmetric represents the computational over-791

head introduced by our method, including the792

real-time extraction and calculation of token793

logits and attention entropy.794

• Teval includes the time required for the final795

answer extraction and correctness verification.796

This comprehensive measurement ensures that the797

reported speedup (3.21×) reflects the net perfor-798

mance gain after accounting for all computational799

costs associated with our dynamic monitoring800

mechanism.801

B Pareto Frontier Analysis of SyncThink 802

To examine the accuracy–efficiency trade-off, we 803

sweep the truncation ratio of a fixed-ratio base- 804

line and plot accuracy against the truncation ratio 805

on four benchmarks. This sweep induces a set of 806

candidate operating points, whose upper envelope 807

forms an empirical Pareto frontier for uniform trun- 808

cation policies. As shown in Figure 7, SyncThink 809

consistently lies in the upper-left region relative to 810

this frontier across all datasets, indicating a strictly 811

better operating point: it achieves higher accuracy 812

under the same truncation ratio, or equivalently 813

reaches comparable accuracy with fewer reasoning 814

tokens. Importantly, this gain cannot be replicated 815

by simply selecting a different global truncation 816

ratio. Instead, it stems from SyncThink’s instance- 817

adaptive, logit-driven termination rule, which de- 818

tects when additional reasoning becomes redundant 819

and reallocates the reasoning budget more effec- 820

tively than any single fixed-ratio strategy. 821

C The Universality of the Reasoning 822

Bottleneck 823

In this section, we discuss the theoretical grounding 824

of our method, arguing that the effectiveness of the 825

</think> token is not an artifact of specific model 826

training (e.g., DeepSeek-R1) but a manifestation of 827

a universal mechanism in Large Language Models 828

(LLMs). 829

The Attention Sink Hypothesis. Recent studies 830

on efficient streaming LLMs have proposed the At- 831

tention Sink hypothesis (Xiao et al., 2023), which 832

suggests that attention heads tend to allocate mas- 833

sive attention scores to specific “sink” tokens (of- 834

ten initial tokens or special separators) to maintain 835

internal state stability and aggregate historical con- 836

text. In the specific context of Chain-of-Thought 837

(CoT) reasoning, the transition from a reasoning 838

phase to an answering phase necessitates a seman- 839

tic boundary—a token or sequence that compresses 840

the preceding divergent rationale into a converged 841

state for answer generation. 842

Function over Form. While DeepSeek-R1 ex- 843

plicates this boundary as </think>, we argue that 844

other models employ implicit equivalents to ful- 845

fill the same functional role. For instance, stan- 846

dard base models often rely on linguistic markers 847

such as “Therefore”, “So”, or “Thus” to signal this 848

state shift. similarly, instruction-tuned models may 849

utilize special tokens like <|start_header_id|> 850

11



or specific role separators. Consequently, the851

</think> token in our SyncThink framework es-852

sentially functions as a specialized Reasoning At-853

tention Sink. It signals the phase shift from a high-854

entropy exploration state to a low-entropy determi-855

nation state.856

This theoretical perspective implies that Sync-857

Think is generalizable to a broader range of CoT-858

capable models. The core methodology—detecting859

the saturation of reasoning information via a bottle-860

neck token—remains valid, provided one identifies861

the model-specific transition token (the “sink”),862

which distinguishes itself only in surface form863

rather than functional utility.864
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Okay, so I have this problem about stellar abundances, and I 
need to find the ratio of silicon atoms in the photospheres of 
two stars, Star_1 and Star_2

...

Wait, but I need to relate this to the number  of silicon 
atoms. Let me think about how to express the number  
densities.

Let me denote the solar number densities as n_X^Sun. So, 
for the Sun, ..., So, the answer is approximately 4, which is 
option C: 4.

</think>

</think>

ANSWER: A (Correct)

ANSWER: C (Incorrect)

SyncThink

Full CoT

Figure 6: Case study on preventing model over-thinking. While the Full CoT path drifts into erroneous reasoning
after a correct intermediate state, our SyncThink method detects the onset of this detrimental redundancy. By
truncating the generation early, our method successfully avoids the subsequent error and retains the correct answer.
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Figure 7: Accuracy–length trade-off of SyncThink on DeepSeek-R1-Distill-Qwen-7B. Blue curves denote
fixed-ratio truncation baselines on full CoT traces, while the red star marks SyncThink. Across BBH, GPQA,
GSM8K, and MMLU, SyncThink consistently lies in the upper-left region, achieving higher accuracy with fewer
generated tokens, with the largest gain on GPQA.
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(a) Layer 1 (b) Layer 4

(c) Layer 6 (d) Layer 12

(e) Layer 21 (f) Layer 25

(g) Layer 29 (h) Layer 31

Figure 8: Attention heatmaps across different layers of DeepSeek-R1-Distill-LLaMA-8B on a GSM8K sam-
ple (Cobbe et al., 2021). Tokens within the <think>...</think> span receive uniform attention in early layers, but
deeper layers gradually shift focus to the boundary tokens, indicating information migration and compression of
reasoning content. Similar observations can be found in other models and datasets
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