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Abstract001

Scaling test-time compute via Long Chain-of-002
Thought (Long-CoT) significantly enhances003
reasoning capabilities, yet extended genera-004
tion does not guarantee correctness: after an005
early wrong commitment, models may keep006
elaborating a self-consistent but incorrect pre-007
fix. Through fine-grained trajectory analysis,008
we identify Thinking Traps, prefix-dominant009
deadlocks where later reflection, alternative at-010
tempts, or verification fails to revise the root er-011
ror. On a curated subset of DAPO-MATH, 89%012
of failures exhibit such traps. To solve this prob-013
lem, we introduce TAAR (Trap-Aware Adap-014
tive Restart), a test-time control framework that015
trains a diagnostic policy to predict two sig-016
nals from partial trajectories: a trap index for017
where to truncate and an escape probability for018
whether and how strongly to intervene. At in-019
ference time, TAAR truncates the trajectory020
before the predicted trap segment and adap-021
tively restarts decoding; for severely trapped022
cases, it applies stronger perturbations, includ-023
ing higher-temperature resampling and an op-024
tional structured reboot suffix. Experiments on025
challenging mathematical and scientific reason-026
ing benchmarks (AIME24, AIME25, GPQA-027
Diamond, HMMT25, BRUMO25) show that028
TAAR improves reasoning performance with-029
out fine-tuning base model parameters.030

1 Introduction031

Recently, large reasoning models (LRMs) such032

as DeepSeek-R1 (DeepSeek-AI, 2025) and Ope-033

nAI o1 (OpenAI, 2024) leverage Long Chain-of-034

Thought (Long-CoT) to scale test-time computa-035

tion. By allocating more tokens, long traces can036

expose latent structure, enable step-by-step verifi-037

cation, and improve performance on difficult prob-038

lems. However, longer reasoning also demands the039

ability to revisit and revise early assumptions; oth-040

erwise, additional compute may reinforce incorrect041

reasoning rather than improve correctness. This042
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Figure 1: Conceptual illustration of Thinking Traps. A
reasoner facing a trap can leverage Diagnostic Policy
Model to choose an appropriate escape strategy: step
over (no intervention), jump (mild intervention), or use
a ladder (strong intervention).

raises a practical question: when does “thinking 043

longer” genuinely help, and when does it waste 044

computation? 045

Through fine-grained trajectory analysis of 046

Long-CoT failures, we identify a recurring struc- 047

tural pattern (Ding et al., 2025) that explains much 048

wasted compute. In many failed traces, an early 049

wrong commitment dominates the continuation. 050

Even when the model later attempts reflection or 051

verification, these efforts often fail to revise the 052

root cause and instead elaborate a self-consistent 053

but incorrect prefix. We term this prefix-dominant 054

deadlock a Thinking Trap (Figure 1). Our pilot 055

study on DAPO-MATH-17K (BytedTsinghua-SIA, 056

2025) finds that thinking traps are pervasive: 89% 057

of reasoning errors across four models exhibit such 058

traps (Section 4.2). Crucially, traps are not merely 059

another error category but a bottleneck for test-time 060

scaling, consuming substantial token budgets with- 061

out yielding correctness. 062

To study and mitigate this phenomenon, we 063

1



build a controlled framework for quantifying think-064

ing traps. We curate a hard subset of DAPO-065

MATH-17K (BytedTsinghua-SIA, 2025) and col-066

lect Long-CoT trajectories from four reasoning067

models (Qwen Team, 2025; DeepSeek-AI, 2025;068

OpenAI, 2025b,a). Each trajectory is segmented069

into an indexable sequence. We operationalize070

the trap index as the earliest segment containing a071

wrong commitment, identify self-repair windows072

where the model attempts verification, and define073

an escape probability via compute-matched resam-074

pling and automatic verification. This framework075

enables measurable study of trap prevalence, po-076

sition, diagnosability, and escape behavior under077

fixed test-time budgets.078

Building on this framework, we propose Trap-079

Aware Adaptive Restart (TAAR), a diagnostic-080

guided intervention strategy. TAAR trains a081

lightweight policy to predict two signals from par-082

tial trajectories: a trap index t̂ for truncation and083

an escape probability p̂ for gating intervention084

strength. At inference, TAAR truncates before the085

predicted trap segment st̂ and adaptively restarts086

generation (Figure 1), applying stronger perturba-087

tions (higher temperature or structured reboot suf-088

fix) for severe traps with low p̂.089

Experiments on five reasoning benchmarks vali-090

date TAAR improves accuracy and token efficiency091

without fine-tuning base models. Our main contri-092

butions can be summarized:093

• We build a controlled, measurable study set-094

tings for thinking traps in long-CoT failures.095

• We propose TAAR, a trap-escape strategy to096

decide where and how strongly to intervene.097

• We have conducted systematic controlled ex-098

periments to validate the causal role of remov-099

ing thinking traps and to demonstrate perfor-100

mance and token-efficiency gains on challeng-101

ing benchmarks.102

2 Related Work103

2.1 Analysis of Long-CoT Reasoning104

Limitations105

Long-CoT scales reasoning capabilities (DeepSeek-106

AI, 2025; OpenAI, 2024) but creates a vulnerability107

to hallucination snowballing” (Zhang et al., 2023;108

Xu et al., 2024). In this phenomenon, a single109

early deviation cascades into a coherent but fac-110

tually incorrect narrative. Recent studies attribute111

Inference Model # Errors Trap Ratio (%)

Qwen3-4B-Instruct 169 92.90
DeepSeek-R1-Distill-Qwen-8B 121 91.74
GPT-OSS-20B 108 87.04
GPT-OSS-120B 86 80.23

Total 484 89.05

Source: DAPO-MATH Subset (Section 4.2)

Table 1: Prevalence of Thinking Traps. We report the
total number of errors (# Errors) and the percentage
of errors classified as Thinking Traps (Trap Ratio) on
DAPO-sample for prevalence analysis.

this to "Prefix Dominance" (Luo et al., 2025) or 112

"Thought Anchors" (Bogdan et al., 2025), where 113

initial mistakes rigidly constrain the model’s atten- 114

tion mechanism. Consequently, models tend to ra- 115

tionalize their errors rather than correct them, mak- 116

ing standard self-correction less effective (Huang 117

et al., 2023; Stechly et al., 2023). While Process 118

Reward Models (PRMs) provide step-level verifica- 119

tion (Lightman et al., 2023; Wang et al., 2024), they 120

often fail to identify errors that are locally logical 121

but globally flawed due to a corrupted premise. We 122

define this recursive deadlock as a Thinking Trap, 123

positing that effective recovery requires pruning the 124

history rather than merely continuing generation. 125

2.2 Interventions during Inference 126

Inference strategies have evolved from sampling- 127

based approaches to active structural control. 128

While massive repeated sampling (Wang et al., 129

2022; Brown et al., 2024) and structured search 130

algorithms like Tree of Thoughts (Yao et al., 2023) 131

demonstrate that scaling test-time compute follows 132

specific scaling laws, they often incur high costs via 133

brute-force coverage or complex state management. 134

Consequently, recent works propose more targeted 135

interventions: parallel reasoning via thought ex- 136

change (Luo et al., 2025) or inserting prompts to 137

stimulate deeper deliberation (Zhang et al., 2025a). 138

Other methods manipulate the reasoning medium 139

itself: selecting optimal languages (Zhang et al., 140

2024) or injecting cross-lingual perturbations at 141

high language uncertainty points (Li et al., 2025). 142

TAAR synthesizes these insights into a framework 143

of diagnostic control. Distinct from untargeted or 144

heuristic perturbations, our core innovation is trap 145

localization: explicitly identifying the trap segment 146

to enable precise intervention. By truncating the 147

corrupted effective prefix at its source and selec- 148

tively triggering recovery, TAAR ensures compu- 149

tation is efficiently allocated to fixing root errors 150
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rather than continuing on flawed paths.151

3 Thinking Traps and Escape Probability152

This section provides formal definitions of the core153

concepts that underpin TAAR. The operational pro-154

cedures for obtaining these labels are described in155

Section 4.2.156

3.1 Trap Index as a Wrong Commitment157

Given an input x, the model generates a Long-158

CoT trace Y . We structure this trace as a dis-159

crete trajectory Y = (s1, . . . , sT ) using a seg-160

mentation function that splits the text at natural161

paragraph boundaries (mainly by \n\n; details in162

Appendix A). This segmentation transforms the163

continuous stream into an indexable sequence, en-164

abling precise localization-based interventions.165

We define trap index t∗ as the index of the166

earliest segment containing a wrong commitment:167

an erroneous assumption, unjustified leap, or im-168

proper simplification that substantially restricts fu-169

ture reasoning. Note that t∗ is distinguishable170

from minor arithmetic slips; it acts as a struc-171

tural branching point where the trajectory becomes172

prefix-dominant. Once the wrong commitment is173

anchored, subsequent computation tends to refine174

the error’s consequences rather than revise the root175

cause. If no such error occurs, we set t∗ = ∅.176

3.2 Self-Repair Windows and Escape177

Probability178

Even after a wrong commitment (identified by t∗),179

the model may actively attempt to correct itself. We180

identify a set of segments W ⊆ {t∗ + 1, . . . , T}181

as self-repair windows. To ensure precision, we182

include a segment in W only if it explicitly chal-183

lenges the trap assumption or its consequences184

(e.g., through verification or by proposing an alter-185

native approach). Routine downstream calculations186

that do not address the root error are excluded.187

While t∗ localizes the error, it does not deter-188

mine the severity of the deadlock. To quantify the189

likelihood of recovery, we define the escape prob-190

ability pescape ∈ [0, 1]. Intuitively, this metric an-191

swers: if we truncate the trajectory at a self-repair192

attempt and resample the continuation, how often193

does the model succeed? Formally, given a verifier194

CORRECT(·) and a budget of N resampled trials195

from valid cut points (prioritizing W ), we estimate:196

pescape =
1

N

N∑
n=1

1

[
CORRECT

(
ŷ(n)

)]
, (1)197

where each ŷ(n) is a continuation sampled from 198

the truncated prefix. High pescape implies the trap 199

is shallow (escapable via resampling), while low 200

pescape indicates a deep deadlock requiring stronger 201

intervention. When W is empty or provides in- 202

sufficient distinct cut points, we supplement with 203

random post-trap cut points (Section 4.2). 204

4 Trap-Aware Adaptive Restart (TAAR) 205

We now present TAAR, a test-time control frame- 206

work that operationalizes the trap diagnostics de- 207

fined in Section 3. TAAR reallocates compute away 208

from trapped continuations toward counterfactual 209

re-derivations (Figure 2). The framework com- 210

prises two components: (i) a diagnostic policy that 211

predicts (t∗, pescape) from partial reasoning, and (ii) 212

an adaptive restart controller that maps these pre- 213

dictions to intervention strategies. 214

We first describe the control mechanism (§4.1), 215

then detail the dataset construction for training 216

(§4.2), followed by the policy model (§4.3) and 217

the adaptive restart controller (§4.4). 218

4.1 Control Mechanism 219

Given an instance x and a (partial or complete) 220

segmented trajectory Y = (s1, . . . , sT ), TAAR 221

predicts (t̂, p̂), where t̂ estimates the trap index 222

and p̂ estimates the escape probability. These two 223

signals control restart decisions: 224

Where to restart. If intervention is triggered, 225

TAAR truncates the trajectory before the predicted 226

trap segment, keeping prefix Y<t̂ = (s1, . . . , st̂−1) 227

and regenerating a continuation from that prefix. 228

How strongly to restart. Not all traps are equally 229

severe. TAAR uses p̂ as a control signal to choose 230

a restart operator: mild restarts encourage light 231

exploration (e.g., default-temperature resampling), 232

while strong restarts apply stronger perturbations 233

(e.g., higher-temperature resampling with an op- 234

tional structured reboot suffix). 235

4.2 Dataset Construction 236

Training the diagnostic policy requires a dataset 237

annotated with trap indices and escape probabili- 238

ties. We construct this dataset through a pipeline of 239

trajectory generation, offline LLM annotation with 240

human verification, and Monte Carlo estimation. 241

Source Trajectories and Annotation. We build 242

a challenging subset (“DAPO-hard”) from DAPO- 243

MATH-17K, collecting 6,000 Long-CoT trajec- 244
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Figure 2: Overview of the TAAR framework. Left: Diagnostic Data Construction pipeline that segments trajectories
and labels trap indices and escape probabilities via GLM-4.7 annotation with manual verification. Middle: Training
of the diagnostic policy πϕ. Right: Adaptive restart controller selects intervention based on p̂.

tories from four reasoning models (4B to 120B)245

on 1,500 problems where not all models succeed.246

Each trajectory is segmented into an indexable se-247

quence based on paragraph boundaries. We then248

employ an offline LLM judge (GLM-4.7 (Z.ai,249

2025)) to analyze each segmented trace. To ensure250

annotation quality, two independent human annota-251

tors verify 100 random instances sampled from the252

LLM judgments, achieving 93% agreement. The253

judge identifies the trap index t∗ and extracts valid254

self-repair windows W where the model attempts255

verification. Ground-truth answers are provided to256

the judge solely to enhance offline annotation pre-257

cision; TAAR does not utilize ground truth during258

test-time inference.259

Escape Probability Estimation. To quantify the260

severity of the identified traps, we estimate the261

escape probability pescape via compute-matched re-262

sampling. For each trajectory, we generate N = 36263

continuations from prefixes truncated at the iden-264

tified self-repair windows W (supplemented by265

random post-trap points if W is sparse). We ver-266

ify these continuations using an automatic verifier267

(math-verify) under a fixed compute budget (tem-268

perature 0.7, max 32k tokens). This process yields269

a robust empirical estimate of the trajectory’s abil-270

ity to self-repair via plain continuation. To ensure271

training quality, we further apply filtering criteria272

to select high-quality training samples; details are273

provided in Appendix F.274

4.3 Diagnostic Policy Model275

We train a policy model πϕ to output (i) a distri-276

bution over segment indices for trap localization,277

and (ii) an escape score for p̂. The policy input278

concatenates the problem statement and the seg- 279

mented reasoning prefix with segment labels, en- 280

abling pointer-style localization. 281

Training Setup. We supervise πϕ using the of- 282
fline labels (t∗, pescape) from §4.2. To make lo- 283
calization robust to varying amounts of post-trap 284
“idling”, we apply random truncation augmenta- 285
tion: for each labeled trajectory, we sample an 286
offset δ and provide the prefix up to t∗ + δ as input. 287
Formally, 288

xdiag = Tin(x, Y1:t∗+δ), ydiag = Tout(t
∗, pescape) (2) 289

where Tin(·) and Tout(·) are formatting templates 290

(Appendix J). 291

4.4 Adaptive Restart Controller 292

At test time, TAAR operates under a fixed compute 293

budget (e.g., a limited number of sampled paths). 294

Given (t̂, p̂), we choose among three intervention 295

strengths: No Intervention: if p̂ is high, the tra- 296

jectory is likely to self-repair; we keep the current 297

continuation. Mild Intervention: if p̂ is moderate, 298

we restart from Y<t̂ and resample with the default 299

decoding configuration. Strong Intervention: if p̂ 300

is low, we restart from Y<t̂ and apply a stronger per- 301

turbation, such as higher-temperature resampling 302

and an optional structured reboot suffix. The suf- 303

fix is written in the same language as the prompt 304

(English in our main experiments) and explicitly 305

requests (i) re-derivation from scratch and (ii) a 306

checklist of key constraints before finalizing the 307

answer. We provide the exact suffix template in 308

Appendix C. 309

Concretely, we use p̂ ≥ 0.6 for no interven- 310

tion, 0.1 < p̂ < 0.6 for mild intervention (re- 311

sample), and p̂ ≤ 0.1 for strong intervention 312

(temperature=1.0 or reboot suffix). 313
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Inference Model Method AIME 24 AIME 25 BRUMO 25 HMMT 25 GPQA Avg.
Acc (%) Acc (%) Acc (%) Acc (%) Acc (%) (%)

Qwen3-4B-Instruct

AVG@4 59.2 44.2 54.2 28.3 58.5 48.9
PRM@4 60.9 43.5 57.1 29.0 59.7 50.0
Autocap 60.0 36.7 46.7 33.3 58.1 47.0
TAAR (Ours) 64.2 44.2 55.0 27.5 62.0 50.6

DeepSeek-R1-Distill-Qwen-8B

AVG@4 75.0 67.5 68.3 50.0 61.7 64.5
PRM@4 75.5 71.0 68.1 51.2 64.1 66.0
Autocap 70.0 63.3 66.7 46.7 59.6 61.3
TAAR (Ours) 80.0 69.2 74.2 57.5 64.5 69.1

GPT-OSS-20B

AVG@4 75.8 75.0 75.8 49.2 59.3 67.0
PRM@4 76.0 77.4 76.6 44.3 58.8 66.6
Autocap 80.0 76.7 70.0 53.3 61.1 68.2
TAAR (Ours) 78.3 77.5 80.8 46.7 59.0 68.5

GPT-OSS-120B

AVG@4 89.2 84.2 86.7 68.3 74.7 80.6
PRM@4 87.3 86.0 85.5 69.0 73.8 80.3
Autocap 83.3 86.7 76.7 73.3 75.8 79.2
TAAR (Ours) 84.2 87.5 81.7 69.2 73.4 79.2

Table 2: Main results on five challenging benchmarks. All methods operate under a fixed computational budget of
K = 4 paths. TAAR results are highlighted in gray. Bold: best; Underline: second best.

5 Experiments314

In this section, we evaluate the effectiveness of the315

TAAR framework. We first describe the experi-316

mental setup in §5.1. Then, we present the main317

results in §5.2.318

5.1 Experimental Setup319

Base Reasoning Models. We evaluate320

on the same four reasoning models used321

for trajectory generation (Section 4.2):322

Qwen3-4B-Instruct (Qwen Team, 2025),323

DeepSeek-R1-Distill-Qwen-8B (DeepSeek-AI,324

2025), GPT-OSS-20B (OpenAI, 2025b), and325

GPT-OSS-120B (OpenAI, 2025a), spanning 4B to326

120B parameters.327

Policy Model. We use Qwen3-4B-Instruct as328

the backbone for the diagnostic policy πϕ. The329

model is fine-tuned via supervised fine-tuning330

(SFT) on the dataset constructed in Section 4.2,331

comprising 3,661 trajectories with trap indices and332

escape probability labels. To enable dynamic CoT333

window handling, we augment the dataset via up-334

sampling, resulting in 16,748 training instances.335

We use LlamaFactory for training on 8×H20 GPUs336

with learning rate 1e-5, full fine-tuning, epoch=1,337

and maximum sequence length of 36k tokens.338

Evaluation Benchmarks. We evalu-339

ate on five challenging reasoning bench-340

marks: AIME24 (Zhang and Math-AI, 2024),341

AIME25 (Zhang and Math-AI, 2025), GPQA-342

Diamond (Rein et al., 2023), HMMT25 (Math-343

Arena, 2025b), and BRUMO25 (MathArena, 344

2025a). 345

Baselines. We compare TAAR against the fol- 346

lowing baselines: Base Long-CoT (Avg@4): Stan- 347

dard independent sampling with 4 trajectories per 348

problem, reporting average accuracy. PRM: We 349

use Qwen2.5-Math-PRM-7B1 (Zhang et al., 2025b) 350

to score 4 trajectories by averaging step-level re- 351

wards, then select the highest-scoring candidate. 352

AutoCap: Adaptive routing from (Zhang et al., 353

2024) that dynamically selects the optimal reason- 354

ing language or capability based on input problem 355

distribution. 356

5.2 Main Results 357

Table 2 reports accuracy on five challenging rea- 358

soning benchmarks under a matched test-time com- 359

pute budget (N = 4 sampled trajectories). TAAR 360

consistently improves over standard multi-sample 361

averaging (Avg@4) for small and mid-scale mod- 362

els: +1.7 points on 4B model and +4.6 points on 8B 363

model on average. Gains are most pronounced on 364

the hardest math benchmarks (+7.5 on HMMT25, 365

+5.9 on BRUMO25 for the 8B model), suggesting 366

that trap-aware restart reallocates compute from 367

trapped continuations toward genuinely different 368

solution paths. 369

Compared with outcome-based selection 370

(PRM@4), TAAR remains competitive or stronger 371

on the mid-scale setting (+3.1 average points on 372

1https://qwenlm.github.io/blog/qwen2.
5-math-prm/
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Figure 3: Escape rate by cut strategy. Truncating at the
trap segment (Cut@Trap) achieves significantly higher
escape rates than keeping the trap and attempting down-
stream correction (Cut@Post-trap).

8B) without modifying base model parameters.373

For the 120B model, TAAR is competitive but374

does not consistently outperform Avg@4 or375

PRM@4, indicating that when base reasoning is376

already strong, the benefit of restart is limited377

by imperfect trap localization and the cost of378

perturbing near-correct prefixes. We further379

analyze these effects in Section 6.380

6 Analysis381

6.1 RQ1: Where and When Should We382

Restart?383

The core design principle of TAAR is that effective384

recovery requires removing the erroneous commit-385

ment from the effective prefix, rather than attempt-386

ing downstream self-correction. We define pescape387

as the proportion of restarted trajectories that reach388

the correct answer under a fixed resampling bud-389

get. Under a compute-matched setting, we compare390

three cut-point strategies: Cut@Trap (truncate at391

the predicted trap index), Cut@Post-trap (trun-392

cate at post-trap self-repair windows such as re-393

flection/verification segments), and Cut@Random394

(truncate at uniformly sampled positions).395

Figure 3 shows that Cut@Trap consistently396

yields the highest escape rate across all model397

scales. For instance, on 20B model, restarting at398

the trap segment achieves an escape rate of 17.5%,399

while restarting from post-trap windows achieves400

only 6.7% (and 4.3% for random cuts). Similar401

gaps hold for 4B model (13.9% vs. 9.5% vs. 4.7%)402

and 8B model (16.5% vs. 10.4% vs. 7.3%). This403

indicates that once a wrong commitment is made,404

subsequent reasoning is often prefix-dominant and405

self-consistent around the error, making down-406

Figure 4: Trap position distribution. Traps concentrate
in the early portion of trajectories, with 44.4% occurring
before relative position 0.2.

Model Dataset Prefix@20% Prefix@80% Full

4B

AIME24 60.83 63.33 64.2
AIME25 41.67 46.67 44.2
BRUMO25 54.17 53.33 55.0
GPQA 59.85 60.73 62.0

20B

AIME24 74.17 75.83 78.3
AIME25 76.67 75.00 77.5
BRUMO25 79.17 81.67 80.8
GPQA 60.61 60.61 59.0

Table 3: Early diagnosis efficiency. Prefix@X%: the
diagnostic policy receives only the first X% of the tra-
jectory. TAAR achieves comparable performance even
with partial observations.

stream “fixes” largely ineffective. 407

We further observe that traps concentrate in the 408

early portion of trajectories (Figure 4), with 44.4% 409

occurring before relative position 0.2. Together, 410

these results validate TAAR’s localization-first in- 411

tervention: truncate the trap itself, rather than rely- 412

ing on late-stage correction attempts. 413

6.2 RQ2: How Early Can We Diagnose Traps 414

for Control? 415

We further test early diagnosis by providing only 416

a prefix of the reasoning trajectory to the policy 417

(Table 3). TAAR retains comparable downstream 418

accuracy even with partial observations. For ex- 419

ample, for 4B model on AIME24, performance 420

increases from 60.83 (Prefix@20%) to 64.2 (Full), 421

and for 20B model on BRUMO25, performance is 422

already strong at Prefix@20% (79.17) and remains 423

comparable at Full (80.8). 424

Figure 5 corroborates this trend: trap detection 425

AUC-ROC exceeds 0.7 with only 20% of the trajec- 426

tory and saturates around 40–60%, suggesting that 427

diagnosis can be performed online without waiting 428

for full generation. This is a key practical advan- 429
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Figure 5: Trap detection AUC-ROC vs. CoT prefix
length. Detection exceeds 0.7 AUC with only 20% of
the trajectory and saturates around 40–60%.

Strategy AIME24 AIME25 BRUMO25 GPQA Avg.

4B Model

Cut@25% 59.2 43.3 53.3 60.7 54.1
Cut@50% 60.8 36.7 53.3 60.1 52.7
Cut@75% 58.3 39.2 54.2 61.0 53.2
TAAR (Ours) 64.2 44.2 55.0 62.0 56.4

20B Model

Cut@25% 74.2 75.8 79.2 61.1 72.6
Cut@50% 76.7 75.8 77.5 60.4 72.6
Cut@75% 75.8 76.7 80.0 59.7 73.1
TAAR (Ours) 78.3 77.5 80.8 59.0 73.9

Table 4: Cut position ablation on
AIME24/AIME25/BRUMO25/GPQA. Fixed-position
cuts show inconsistent results, while TAAR’s adaptive
prediction achieves the best average performance.

tage: TAAR does not require completing the entire430

long chain before deciding whether to intervene.431

6.3 RQ3: Does Adaptive Cut Position432

Outperform Fixed Heuristics?433

A natural question is whether content-aware cut434

prediction provides value over simple fixed heuris-435

tics. We compare against fixed-position baselines436

that truncate the trajectory at predetermined rel-437

ative positions (25%, 50%, 75%), regardless of438

reasoning content.439

Table 4 shows that no single fixed cut posi-440

tion works consistently across datasets. For the441

4B model, fixed cuts yield average accuracies of442

54.1 (25%), 52.7 (50%), and 53.2 (75%), whereas443

TAAR achieves 56.4. For the 20B model, fixed cuts444

range from 72.6 to 73.1 on average, while TAAR445

reaches 73.9. The variability arises because trap446

location is instance-dependent: some problems go447

wrong early, others mid-trajectory. Adaptive local-448

ization is necessary to robustly remove the erro-449

neous commitment without excessive truncation.450

This motivates the next question: given a pre-451

dicted cut position, can an additional control signal452

Strategy AIME24 AIME25 BRUMO25 GPQA Avg.

4B Model

Cut@AllTraps 65.0 42.5 55.0 57.1 54.9
Random p̂ 64.2 35.8 55.8 60.9 54.2
TAAR (Ours) 64.2 44.2 55.0 62.0 56.4

20B Model

Cut@AllTraps 67.5 76.7 76.7 55.3 69.1
Random p̂ 69.2 79.2 80.0 59.1 71.9
TAAR (Ours) 78.3 77.5 80.8 59.0 73.9

Table 5: Escape probability ablation. Cut@AllTraps
ignores p̂ entirely; Random p̂ uses predicted position
but randomizes escape probability. TAAR’s predicted p̂
improves control decisions.

decide when to restart and how strongly to perturb 453

decoding? We address this in RQ4 using the escape 454

probability p̂. 455

6.4 RQ4: Does Escape Probability Improve 456

Control? 457

Beyond trap localization, does the predicted escape 458

probability p̂ provide additional control benefit? 459

We find that p̂ is discriminative of trajectory cor- 460

rectness (see Appendix M for distribution analysis), 461

motivating its use for adaptive intervention. 462

To isolate the contribution of p̂, we compare 463

three variants: (i) Cut@AllTraps, which restarts 464

at every detected trap regardless of p̂; (ii) Random 465

p̂, which uses TAAR’s predicted cut position but 466

randomizes the escape probability to remove the 467

gating effect; and (iii) TAAR, which uses both 468

predicted position and p̂ to adaptively select inter- 469

vention strength. 470

As shown in Table 5, p̂ improves control deci- 471

sions. On the 20B model, TAAR achieves the best 472

average accuracy (73.9), outperforming Random 473

p̂ (71.9) and Cut@AllTraps (69.1). This indicates 474

that not all detected traps warrant the same in- 475

tervention: some trajectories can self-repair with 476

continuation or mild resampling, while severely 477

trapped cases benefit from stronger restarts. 478

Computational efficiency. Escape probability 479

also improves computational efficiency via adap- 480

tive gating. The “Baseline” column in Table 6 481

shows total tokens for 4-sample averaging; “TAAR” 482

and “Ablation” columns show extra tokens beyond 483

baseline incurred by each method. 484

Table 6 shows TAAR incurs only 31.2% addi- 485

tional tokens beyond baseline, compared to 54.3% 486

for the ablation that cuts at all detected traps. This 487

yields a 42.6% reduction in extra overhead. The 488

result demonstrates that p̂ is not only a performance 489
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Model Baseline (Avg@4) Extra (TAAR) Extra/Base Extra (Ablation) Extra/Base Savings

4B 1,735,110 576,918 33.2% 1,377,418 79.4% 58.1%
8B 4,388,791 1,279,756 29.2% 2,353,417 53.6% 45.6%
20B 5,617,370 2,190,737 39.0% 2,725,979 48.5% 19.6%
120B 3,500,167 704,376 20.1% 1,818,700 52.0% 61.3%

Total 15,241,438 4,751,787 31.2% 8,275,514 54.3% 42.6%

Table 6: Token efficiency. “Extra” columns show addi-
tional tokens beyond baseline incurred by each method.
TAAR incurs 31.2% extra tokens relative to baseline,
while the ablation (Cut@AllTraps) incurs 54.3%, yield-
ing 42.6% savings.

Escaped CoT

2 “Equality of angles does not guarantee cyclicity”
3 “Apply the Law of Sines with BP:PC=1 :2”
4 “Solving the equation yields the area ratio”
5 “The answer would be 7/1 8”

Final answer:  \boxed{7/1 8}

Point P is inside triangle △ ABC such that ∠ABP = ∠ACP. Given that 
AB = 6, AC = 8, BC = 7, and BP

PC
= 1

2
, compute � ΔBPC

�Δ퐴��
. 

Original CoT（Trapped）

1  “Goal:  compute area ratio” 
2 “if ∠ABP = ∠ACP,  then A,  B,  C,  P are concyclic” 
3 “But P is inside triangle,  which is a contradiction” 
4 “Maybe P is outside triangle,  the problem’s flawed”
5 “The answer would be 49/69”

Final answer:  \boxed{49/69}

Figure 6: Geometry case study illustrating a prefix-
dominant trap and how TAAR restarts by cutting before
the wrong commitment.

signal but also a practical knob for controlling test-490

time cost. This supports our thesis that test-time491

scaling should be viewed as controlling effective492

prefix, not merely generating longer continuations.493

6.5 RQ5: What Changes After Restart, and494

Why Does It Work?495

We analyze qualitative reasoning dynamics before496

and after restart to understand why TAAR im-497

proves performance. Across cases, a common498

pattern emerges: once an early wrong commit-499

ment enters the context, later deliberation tends500

to remain prefix-dominant and rationalize the er-501

ror. TAAR breaks this deadlock by truncating the502

corrupted prefix and prompting a counterfactual503

re-derivation.504

We analyze qualitative reasoning dynamics be-505

fore and after restart to understand why TAAR im-506

proves performance. A recurring pattern in trapped507

trajectories is that once an early wrong commit-508

ment enters the context, later deliberation becomes509

prefix-dominant and tends to rationalize the ini-510

tial error rather than revise it. TAAR breaks this511

deadlock by truncating the corrupted prefix and512

prompting a counterfactual re-derivation from the513

remaining clean context.514

Case study. Figure 6 shows a representative ge-515

ometry problem where the model incorrectly as-516

sumes a concyclic polygon configuration at seg-517

ment 12. The diagnostic policy predicts t̂ = 11, 518

truncating the trajectory immediately before the 519

erroneous assumption is introduced. After restart, 520

the model re-derives the configuration without im- 521

posing concyclicity, identifies the correct irregular 522

structure, and reaches the correct answer. 523

This case illustrates that restart is effective not 524

because it adds more downstream computation, but 525

because it changes the effective prefix that con- 526

ditions generation, enabling the model to explore 527

a different reasoning branch. In practice, TAAR 528

shortens the verify–correct loop by preventing pro- 529

longed self-consistent but incorrect continuations 530

that are anchored to an early mistaken premise. 531

7 Discussion and Conclusion 532

TAAR as test-time diagnostic control. Our re- 533

sults suggest that many Long-CoT failures are not 534

caused by insufficient test-time compute, but by 535

misallocated compute after an early wrong com- 536

mitment enters the context. TAAR addresses this 537

by predicting two control-relevant signals from par- 538

tial trajectories: a trap index indicating where to 539

remove the corrupted prefix, and an escape prob- 540

ability indicating whether and how strongly to 541

restart. Under a fixed sampling budget, this simple 542

truncation-and-adaptive-restart mechanism reallo- 543

cates compute toward counterfactual re-derivations 544

rather than extending trapped continuations. 545

When does TAAR help, and how does it relate 546

to other methods? TAAR tends to help most on 547

harder benchmarks and for small-to-mid scale rea- 548

soners, where prefix-dominant traps are common 549

and restarting can substantially change the explored 550

solution path. For very strong models, gains may 551

be smaller and less consistent under small budgets, 552

since many prefixes are already near-correct and 553

aggressive perturbations can discard useful work. 554

TAAR is complementary to outcome-based selec- 555

tion and structured search: it aims to change the 556

candidate distribution by removing wrong com- 557

mitments, after which verifiers or ranking can be 558

applied for final selection. 559

In summary, we formalize Thinking Traps as 560

prefix-dominant deadlocks and show that effective 561

recovery often requires modifying the effective pre- 562

fix. TAAR provides a lightweight test-time con- 563

troller that localizes traps and adaptively restarts 564

decoding, improving reasoning performance un- 565

der a fixed compute budget without updating base 566

model parameters. 567
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8 Limitations568

TAAR has several limitations. First, trap localiza-569

tion operates over paragraph-based segments, intro-570

ducing boundary ambiguity that can lead to over- or571

under-truncation when wrong commitments span572

multiple segments. Second, our offline supervi-573

sion relies on an LLM judge with limited manual574

auditing, so label noise and judge-specific biases575

may propagate into the diagnostic policy. Third, es-576

cape probability estimation depends on automatic577

verifiers, which works well for math but may not578

transfer to open-ended tasks where correctness is579

subjective. Fourth, for very strong models where580

prefixes are often near-correct, aggressive restarts581

can discard useful work and reduce net gains. Fi-582

nally, TAAR assumes access to explicit Long-CoT583

traces that can be segmented and truncated, which584

may not hold for systems with hidden reasoning or585

constrained APIs.586
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A Segmentation Function695

We extract the reasoning portion of each out-696

put (e.g., the content inside <think>...</think>697

when available) and segment it into T continuous698

segments using paragraph boundaries (\n\n). To699

stabilize index-based localization, we enforce a700

minimum segment length 200 characters by merg-701

ing short chunks with adjacent segments.702

B LLM Judge Prompt for Trap and703

Window Annotation704

The following is the prompt template used with705

GLM-4.7 to annotate trap indices, escape points,706

and self-repair windows.707

You are a "long-CoT reasoning trap locator."

[Problem]
{problem}

[Input]
A long CoT text segmented with labels:
{segmented_cot}

[Ground Truth Answer]
{ground_truth}

[Task]
1. Identify exactly one trap in the CoT text:

a. A "trap" is the earliest critical erroneous assumption,
unjustified leap, or improper simplification that "locks"
or severely restricts subsequent reasoning.

b. Consequence: subsequent reasoning space becomes
significantly constrained, leading to failure or deviation.

c. If multiple candidates exist, select the earliest and
most restrictive one.

2. In the entire text, find segments directly related to the
identified trap (only output labels without repeating their

708

contents):

High-precision eligibility (MUST satisfy; otherwise exclude):
A segment is eligible ONLY IF it explicitly contains
meta-reasoning cues targeting the trap, i.e. it explicitly
does at least one of:
- Reflection points: explicitly doubt/question the trap
assumption itself OR a direct consequence of it, but fail
to correct it.

- New approach points: explicitly propose a different
method/representation/strategy to escape, but still rely
on the trap assumption (do not fix it).

- Verification points: explicitly check the trap assumption
OR a direct consequence via examples/boundaries/calculations,
but miss the key flaw.

NOT eligible: segments that merely continue routine
computation/derivation along the trapped path WITHOUT explicit
doubt / alternative attempt / verification.

Relevance ranking (internal; do NOT output scores):
- For each eligible candidate, assign rel in {3,2,1}:
rel=3: explicitly target the trap assumption itself

(name/restatement/check) OR explicitly attempt
to escape it.

rel=2: explicitly target a direct consequence that
critically depends on the trap, with
doubt/alternative/check.

rel=1: weak/implicit relation -> EXCLUDE (do not output).
- Keep ONLY candidates with rel >= 2.
- Each list must be sorted by (rel descending, index ascending).

Output labels only.

Selection constraints (precision-first):
- Do NOT include the trap segment itself; all points must
satisfy index > trap index.

- No duplicates; a label can appear in at most ONE list.
- If a segment fits multiple categories, assign it to the
most specific with priority:

new_approach_points > verification_points > reflection_points.
- Hard caps (no total cap): reflection_points <= 3,
new_approach_points <= 3, verification_points <= 3.

- (These arrays may be empty; it is OK to output [].)

3. Determine if escaped:
a. If any later segment explicitly corrects the trap assumption

and breaks free from the erroneous path, set
trap_type="escaped successfully" and "escape_point" to the
earliest correcting segment.

b. Otherwise, set trap_type="did not escape" and
"escape_point"="".

[Output]
Output only valid JSON (no explanations or extra text):
{
"trap": "cot_x" or "",
"trap_type": "escaped successfully" or "did not escape" or "",
"escape_point": "cot_y" or "",
"reflection_points": ["cot_i", ...],
"new_approach_points": ["cot_j", ...],
"verification_points": ["cot_m", ...]

}

[Empty Output]
If no trap satisfying "maximum causal influence/strongest lock"
is found:
{
"trap": "",
"trap_type": "",
"escape_point": "",
"reflection_points": [],
"new_approach_points": [],
"verification_points": []

}

709

C Reboot Suffix Templates 710

For hard restarts, we append a structured reboot 711

suffix to the truncated prefix. The main experi- 712

ments use the English suffix (same language as the 713

prompt). We also provide multilingual variants for 714

optional code-switch experiments. 715
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Figure 7: Relationship between trap relative position
and escape rate on a subset of the offline data construc-
tion dataset (Section 4.2). Earlier traps exhibit higher
escape rates, while later traps are harder to recover from.
The negative correlation (r = −0.69, p = 0.026) sug-
gests that early wrong commitments leave more room
for self-correction, whereas late traps constrain the re-
maining trajectory too severely.

English suffix (used in main experiments).716

Wait, let me completely rethink this problem
in English. The previous train of thought
might be limited, so I need to reorganize
my thoughts in English and analyze from
scratch.

717

Multilingual variants. We also provide trans-718

lated variants of the English reboot suffix in Chi-719

nese, Korean, Russian, Arabic, and French for720

code-switch experiments (see Appendix L).721

D Additional Details for Escape722

Probability Estimation723

We use a total resampling budget of N = 36 per tra-724

jectory. We sample from post-trap windows (reflec-725

tion, new-approach, and verification; each capped726

at 3) and allocate leftover samples to random cut727

points uniformly drawn from [t∗ + 1, T − 1]. De-728

coding uses temperature=0.7, top-p disabled, and729

total context+generation length ≤32k tokens. Cor-730

rectness is evaluated by the math-verify verifier.731

E Trap Position and Escape Rate Analysis732

Figure 7 shows the relationship between trap posi-733

tion and empirical escape rate on a subset of our734

constructed dataset. We observe a significant nega-735

tive correlation: traps occurring in the early portion736

of trajectories (relative position < 0.2) have escape737

rates around 16–20%, while traps in the late portion738

(relative position > 0.8) drop to 10–11%. Earlier739

traps leave more remaining trajectory for the model740

to reflect, reconsider, and potentially self-correct; 741

later traps leave little room for recovery before the 742

final answer. 743

F Filtering Rules and Loss Breakdown 744

Preprocess filtering. We remove records with 745

API call errors, invalid JSON, or missing required 746

fields. Across all raw records (6,000): 747

• API errors: 1,367 (22.4%) 748

• JSON parse errors: 52 (0.9%) 749

Consistency filtering. From 4,680 preprocessed 750

records, we remove: 751

• (i) trap + did-not-escape + correct: 406 (8.7%) 752

• (ii) trap + escaped + incorrect: 343 (7.3%) 753

• (iii) no-trap + incorrect: 270 (5.8%) 754

Total removed by consistency filtering: 1,019 755

(21.8%). 756

G Pattern-Based Difficulty and Dataset 757

Composition 758

We define a 4-bit correctness pattern 759

[120B][20B][8B][4B], where 1 indicates correct 760

final answer and 0 indicates incorrect. We bucket 761

problems by difficulty level based on the number 762

of correct models. 763

Difficulty level # trajectories Trap rate

1 (3/4 correct) 591 53.0%
2 (2/4 correct) 1,394 73.5%
3 (1/4 correct) 1,125 89.0%
4 (0/4 correct) 551 100.0%

Table 7: Difficulty distribution and trap rates in the final
dataset (n=3,661).

H Train/Dev/Test Split 764

We split problems into Train/Dev/Test with a ratio 765

of 80/10/10 using a fixed random seed (42). For 766

each problem, models at different scales (4B, 8B, 767

20B, and 120B) generate independent reasoning 768

trajectories; all such trajectories are assigned to 769

the same split as the underlying problem, ensuring 770

no cross-split leakage across model sizes. Table 9 771

reports the per-pattern split counts. 772
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Pattern Total With trap No trap Trap rate

1100 699 483 216 69.1%
1000 645 583 62 90.4%
0000 551 551 0 100.0%
1110 421 231 190 54.9%
1010 367 274 93 74.7%
1001 191 161 30 84.3%
0010 173 134 39 77.5%
1101 170 82 88 48.2%
0001 169 161 8 95.3%
0100 138 123 15 89.1%
0110 88 72 16 81.8%
0101 49 35 14 71.4%

Table 8: Pattern distribution in the final dataset
(n=3,661).

Pattern Train Dev Test Total

1110 116 14 10 140
1101 48 6 6 60
1100 189 14 32 235
1010 105 17 11 133
1001 70 5 2 77
0110 33 0 2 35
0101 17 3 0 20
1000 185 26 21 232
0100 47 2 6 55
0010 68 12 10 90
0001 60 9 4 73
0000 262 42 46 350

Total 1200 150 150 1500

Table 9: Problem split by pattern (1,500 problems).

I Manual Audit Protocol773

We randomly sample 100 instances for manual re-774

check of trap index and window eligibility to sanity-775

check LLM annotations.776

Audit procedure. Two annotators independently777

reviewed each sampled instance, checking:778

• Whether the identified trap segment is indeed779

the earliest wrong commitment780

• Whether the self-repair windows are correctly781

classified (reflection, new-approach, or verifi-782

cation)783

• Whether the escape point (if any) is correctly784

identified785

J Diagnostic Policy Input/Output786

Templates787

This section describes the formatting templates788

Tin(·) and Tout(·) used to construct training data789

for the diagnostic policy πϕ.790

J.1 Input Template Tin 791

The input to the diagnostic policy concatenates 792

the model identifier, problem statement, and the 793

segmented reasoning trace with explicit segment 794

labels: 795

Please identify and locate the trap in the current problem's
reasoning process, and provide the escape action.

[Model]
{model_name}

[Problem]
{problem_statement}

[Reasoning Process]
<cot_0>
{segment_0_text}

<cot_1>
{segment_1_text}

...

<cot_K>
{segment_K_text}

Output your analysis in JSON format:

796

J.2 Output Template Tout 797

The output format encodes the trap index and es- 798

cape probability in JSON: 799

{
"trap_index": "t*",
"escape_probability": "p_escape",
"extra": {extra information}

}

800

During training, we provide gold labels 801

(t∗, pescape) from the offline annotation pipeline. 802

During inference, the policy outputs predictions 803

(t̂, p̂) which are used by the adaptive restart con- 804

troller. 805

K Diagnostic Policy Evaluation Details 806

We evaluate the diagnostic policy on test samples 807

spanning four model scales. This section provides 808

detailed breakdowns beyond the summary in Sec- 809

tion 6.2. 810

Trap detection by model scale. Table 10 shows 811

that detection rates vary across model scales. The 812

policy achieves near-perfect detection on 4B tra- 813

jectories (98.9%) but lower rates on larger models 814

(55–67%). This is expected: larger models produce 815

more subtle errors that are harder for an external 816

diagnostic model to identify. 817

Localization accuracy. Among detected traps, 818

Table 11 reports position prediction accuracy. 819

While Top-1 exact match is modest (29.1%), the 820

mean absolute error of 9.46 segments represents 821
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Model Total Detected Rate

4B 180 178 98.9%
8B 45 30 66.7%
20B 43 24 55.8%
120B 90 50 55.6%

Overall 358 282 78.8%

Table 10: Trap detection rate by model scale. Detection
is easier for smaller models whose errors tend to be
more explicit.

only 17.0% of the average trajectory length (55.6822

segments), and Within ±3 reaches 55.3%.823

Metric Value

Top-1 Accuracy 29.1%
Within ±3 55.3%
Mean |t̂− t∗| 9.46
Avg. CoT segments 55.6
Relative Error 17.0%

Table 11: Overall localization accuracy on detected
traps.

Localization by distance to truncation point.824

Table 12 shows that localization accuracy degrades825

as the trap occurs further from the truncation point.826

When the trap is within 1 step of truncation, Top-1827

reaches 62.3%; when it is more than 20 steps away,828

Top-1 drops to 9.7%. This motivates early diagno-829

sis: the sooner we detect a trap after it occurs, the830

more accurately we can localize it.831

Distance N Top-1 Within ±3 |t̂− t∗|

1 step 53 62.3% 77.4% 4.30
2–3 steps 33 27.3% 84.8% 3.27
4–5 steps 22 40.9% 72.7% 10.86
6–10 steps 53 18.9% 56.6% 5.53
11–20 steps 49 28.6% 44.9% 10.90
>20 steps 72 9.7% 26.4% 17.57

Table 12: Localization accuracy by distance from trap
to truncation point.

Localization by input length. Table 13 shows832

that shorter input sequences yield better localiza-833

tion. For sequences with ≤10 segments, Top-1834

reaches 66.1% and Within ±3 reaches 93.2%. Per-835

formance degrades for longer sequences due to836

increased search space and noise.837

Escape probability prediction. Table 14 reports838

the accuracy of escape probability predictions. The839

positive correlation (r = 0.336) indicate that pre-840

Input Length N Top-1 Within ±3 |t̂− t∗|

≤10 59 66.1% 93.2% 0.69
11–20 48 41.7% 68.8% 3.31
21–40 75 22.7% 52.0% 7.12
41–60 45 6.7% 24.4% 13.16
>60 55 5.5% 32.7% 24.38

Table 13: Localization accuracy by input sequence
length (number of segments).

dicted p̂ provides a useful signal for adaptive gat- 841

ing. 842

Metric Value

Correlation 0.336

Table 14: Escape probability prediction accuracy.

L Code-Switch Experiments 843

We conduct exploratory experiments using multi- 844

lingual reboot suffixes (code-switching) as an al- 845

ternative hard restart operator. The hypothesis is 846

that switching the reasoning language may provide 847

a stronger perturbation to break free from prefix- 848

dominant traps. 849

Setup. For trajectories flagged for hard restart, 850

we compare three conditions: (i) Mono: same- 851

language reboot suffix (English, as in main ex- 852

periments), (ii) Switch: multilingual reboot suf- 853

fix (Chinese for English prompts), (iii) High-T: 854

higher-temperature resampling without suffix. 855

Preliminary findings. Code-switching provides 856

marginal improvements over same-language 857

restarts on some model–task combinations, but the 858

effect is inconsistent across scales. We observe 859

that the primary driver of recovery is the trunca- 860

tion point selection (cutting before the trap), with 861

Mdl Data Mono Sw-ar Sw-fr Sw-zh Hi-T

4B
AIME24 64.2 60.0 59.2 60.0 65.7
AIME25 44.2 43.3 45.0 43.3 44.2
BRUMO25 55.0 53.3 54.2 54.2 53.3

20B
AIME24 78.3 77.5 76.7 77.5 75.0
AIME25 77.5 76.7 79.2 78.3 80.0
BRUMO25 80.0 81.7 83.3 80.8 85.5

Table 15: Comparison of hard restart strategies across
multilingual perturbations. Mono: monolingual reboot
suffix; Sw-ar/fr/zh: code-switching to Arabic, French,
or Chinese; Hi-T: high-temperature resampling. No
single strategy consistently dominates
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Figure 8: Correlation between Escape Probability and
Correctness in Trap Cases

the choice of restart operator contributing a sec-862

ondary effect. Given this, our main experiments863

use same-language suffixes for simplicity and re-864

producibility.865

M Correlation between Escape866

Probability and Correctness in Trap867

Cases868

The predicted escape probability p̂ is discriminative869

(Figure 8): correct trajectories concentrate at high p̂870

, while incorrect ones spread toward lower values.871
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