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Abstract001

Large Reasoning Models (LRMs) achieve re-002
markable performance by explicitly generating003
multi-step chains of thought, but this capability004
incurs substantial inference latency and com-005
putational cost. Collaborative inference offers006
a promising solution by selectively allocating007
work between lightweight and large models,008
yet a fundamental challenge remains: determin-009
ing when a reasoning step requires the capacity010
of a large model or the efficiency of a small011
model. Existing routing strategies either rely012
on local token probabilities or post-hoc verifica-013
tion, introducing significant inference overhead.014
In this work, we propose a novel perspective015
on step-wise collaboration: the difficulty of a016
reasoning step can be inferred from its very017
first token. Inspired by the “Aha Moment” phe-018
nomenon in LRMs, we show that the entropy019
of the initial token serves as a strong predic-020
tor of step difficulty. Building on this insight,021
we introduce GlimpRouter, a training-free step-022
wise collaboration framework. GlimpRouter023
employs a lightweight model to generate only024
the first token of each reasoning step and routes025
the step to a larger model only when the ini-026
tial token entropy exceeds a threshold. Exper-027
iments on multiple benchmarks demonstrate028
that our approach significantly reduces infer-029
ence latency while preserving accuracy. For in-030
stance, GlimpRouter attains a substantial 10.7%031
improvement in accuracy while reducing in-032
ference latency by 25.9% compared to a stan-033
dalone large model on AIME25. These results034
suggest a simple yet effective mechanism for035
reasoning: allocating computation based on a036
glimpse of thought rather than full-step evalua-037
tion.038

1 Introduction039

Large reasoning models, such as DeepSeek-040

R1 (Guo et al., 2025) and OpenAI o1/o3 (Jaech041

et al., 2024; OpenAI, 2025), have demonstrated re-042

markable performance across a wide range of com-043

plex reasoning tasks by explicitly generating struc- 044

tured reasoning steps (Yang et al., 2025c; Wang 045

et al., 2025b,a; Chen et al., 2025a; Li et al., 2025; 046

Hu et al., 2025). However, this capability comes at 047

a high cost: extended reasoning chains inevitably 048

incur high inference latency and substantial com- 049

putational overhead, severely limiting the practi- 050

cality of LRMs in latency-sensitive and resource- 051

constrained settings. 052

To alleviate this bottleneck, collaborative infer- 053

ence has emerged as a promising paradigm (She 054

et al., 2025; Xiao et al., 2025; Qu et al., 2025). 055

The key idea is that multiple models with hetero- 056

geneous capabilities and costs are orchestrated to 057

jointly solve a task: lightweight models handle 058

routine or easy tasks, while more powerful but ex- 059

pensive models are invoked selectively for difficult 060

ones (Chen et al., 2025b; Wang et al., 2025d). Ex- 061

isting collaboration strategies generally fall into 062

two categories. Token-level methods, such as Spec- 063

ulative Decoding (Leviathan et al., 2023; Fu et al., 064

2025), accelerate generation by allowing a small 065

model to propose candidate tokens that are then ver- 066

ified (and possibly accepted) by a larger model, re- 067

ducing the number of expensive forward passes. In 068

contrast, step-level methods attempt to route entire 069

reasoning steps between models. They typically 070

depend on post-hoc verification, such as LLM-as- 071

a-judge (Shi et al., 2025; Pan et al., 2025), or on 072

averaged uncertainty metrics (e.g., mean perplexity 073

or entropy) (Cui et al., 2025; Zhang et al., 2025). 074

Despite their promise, determining the optimal 075

allocation of tasks between large and small mod- 076

els remains a fundamental challenge. Token-level 077

methods rely primarily on local token probabilities 078

and frequently switch models at a fine granular- 079

ity, while step-level strategies require evaluating 080

entire reasoning steps before making routing deci- 081

sions. Both approaches introduce non-trivial com- 082

putational overhead, which can partially or even 083

fully offset their intended efficiency gains. 084
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In this work, we advance a new perspective: Can085

we judge the difficulty of a reasoning step at the086

very beginning? Inspired by the “Aha Moment”087

phenomenon observed in LRMs (Guo et al., 2025),088

previous works suggest that the onset of a reason-089

ing step–often marked by discourse cues such as090

“Wait”, “But”, or “So”–represents a cognitive pivot091

that shapes the entire subsequent reasoning trajec-092

tory (Wang et al., 2025c; Yang et al., 2025b; Zeng093

et al., 2025b). We hypothesize that the information094

associated with this initial token provides a more095

discriminative signal of step-level difficulty than096

averaged statistics over the full step. To validate097

this hypothesis, we analyze the uncertainty distri-098

bution of the reasoning steps across various tasks099

(Section 2). The experimental results show that100

the entropy of the initial tokens exhibits an excep-101

tionally high variance, indicating it is a powerful102

discriminator: steps with low initial entropy typi-103

cally correspond to routine derivations that a small104

model can readily process, whereas steps with high105

initial entropy indicate critical cognitive bifurca-106

tions that require the collaboration of larger, more107

powerful models.108

Building on this insight, we propose109

GlimpRouter, a novel training-free frame-110

work for efficient collaborative inference. At111

each reasoning step, a lightweight model is first112

used to generate only the initial token of the113

step. If the entropy of this token falls below114

a predefined threshold, the lightweight model115

proceeds to generate the entire step; otherwise,116

the generated context is seamlessly handed over117

to a larger and more capable model. In effect,118

this mechanism essentially operationalizes the119

principle of “A Glimpse of Thought”: a minimal120

signal from the onset of a reasoning step governs121

the computational budget allocated to its full122

generation.123

We empirically evaluate our approach on a di-124

verse set of reasoning benchmarks, including math-125

ematical reasoning (AIME), challenging general126

reasoning (GPQA (Rein et al., 2024)), and code127

generation (LiveCodeBench (Jain et al., 2024)).128

Across all benchmarks, GlimpRouter achieves a129

superior trade-off between efficiency and perfor-130

mance. For instance, on the AIME25 benchmark,131

our method attains a substantial 10.7% improve-132

ment in accuracy while simultaneously reducing133

inference latency by 25.9% compared to a stan-134

dalone large model. Moreover, we demonstrate135

that our step-level routing strategy is orthogonal to136

token-level speculative decoding, enabling comple- 137

mentary and compound speedups when integrated. 138

Our contributions are summarized as follows: 139

• We perform an analysis of the uncertainty dis- 140

tribution across reasoning steps and identify 141

that the entropy of the initial token serves as 142

an indicator of reasoning difficulty. 143

• We propose GlimpRouter, a simple yet ef- 144

fective mechanism that enables training-free, 145

step-aware collaboration between models. 146

• Extensive experiments verify that our method 147

significantly reduces latency while maintain- 148

ing or even enhancing the reasoning efficacy 149

of large models, offering a practical solution 150

for deploying efficient LRMs. 151

2 A Preliminary Study 152

Previous works have suggested that the onset of 153

a reasoning step–often marked by discourse cues 154

such as “Wait”, “But”, or “So”–represents a cog- 155

nitive pivot that shapes the entire subsequent rea- 156

soning trajectory (Wang et al., 2025c; Yang et al., 157

2025b; Zeng et al., 2025b). Building on this in- 158

tuition, we hypothesize that the uncertainty asso- 159

ciated with the initial token of a reasoning step 160

provides a more discriminative signal of step-level 161

difficulty than statistics aggregated over the full 162

step. In other words, the essential difficulty infor- 163

mation is concentrated at the very beginning of 164

each reasoning step. In this section, we analyze the 165

uncertainty distribution for the reasoning steps and 166

examine how different uncertainty metrics corre- 167

late with step-wise difficulty. 168

2.1 Study Design 169

To quantify uncertainty within a reasoning step, 170

we analyze entropy-based metrics derived from the 171

model’s conditional probability distribution Pθ. It 172

is well-established that the internal logits of LLMs 173

serve as a reliable proxy for model confidence (Ma- 174

linin and Gales, 2020; Kuhn et al., 2023). Let 175

sk = {t1, . . . , tL} denote the k-th reasoning step 176

with L tokens, and ck be the preceding context of 177

this step. 178

Step Entropy (Hstep). Hstep quantifies the aver- 179

age uncertainty across all tokens in a reasoning 180

step: 181

Hstep(sk) =
1

L

L∑
i=1

H(Pθ(·|t<i, ck)) (1) 182
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Figure 1: Comparison of the distributions of different uncertainty metrics. Unlike other metrics, which exhibit a
generic unimodal distribution, the entropy of initial thought tokens (Hinit) displays a distinct bimodal and heavy-
tailed distribution. This indicates that Hinit serves as a discriminative signal, effectively capturing the “Aha Moments”
that distinguish complex reasoning steps from routine derivations.

where H(p) = −
∑

v∈V p(v) log p(v) denotes the183

Shannon entropy of a distribution (Shannon, 1948).184

This metric treats all tokens within the step uni-185

formly by averaging uncertainty across the entire186

sequence.187

Initial Token Entropy (Hinit). In contrast, Hinit188

captures the uncertainty of the initial token for each189

step:190

Hinit(sk) = H(Pθ(t1|ck)) (2)191

Unlike step-level averages, Hinit isolates the uncer-192

tainty at the onset of the step, which we hypothesize193

to be an indicator of the step’s difficulty.194

As additional baselines, we consider the follow-195

ing commonly used metrics in collaborative infer-196

ence.197

Step-wise Perplexity (PPLstep). PPLstep mea-198

sures the exponentiated average negative log-199

likelihood over the entire step:200

PPLstep(sk) = exp

(
− 1

L

L∑
i=1

logPθ(ti|t<i, ck)

)
(3)201

Like Hstep, PPLstep aggregates uncertainty uni-202

formly across all tokens.203

LLM-as-a-Judge. It assesses the validity of a204

reasoning step using the large model directly.205

Given a step sk and its context ck, the LLM assigns206

a scalar score S ∈ {0, 1, . . . , 9}. We note that this207

metric requires an additional computationally ex-208

pensive inference pass and is therefore unsuitable209

for efficiency-critical routing decisions.210

We examine the reasoning traces using Qwen3-211

4B, Qwen3-32B (Yang et al., 2025a), and212

DeepSeek-R1-Distill-Qwen-32B (Guo et al., 2025)213

on the AIME and LiveCodeBench datasets (Jain214

et al., 2024), collecting over 10 million tokens of215

reasoning steps.216
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Figure 2: Alignment between the outputs generated by
small and large models under various Hinit intervals.

2.2 Results and Analysis 217

Information Distribution within Reasoning 218

Steps. Figure 1 illustrates the distributions re- 219

flected by the four metrics. It is evident that both 220

PPLstep and Hstep exhibit narrow, unimodal dis- 221

tributions clustered around central values. We at- 222

tribute this to the signal dilution effect: a reason- 223

ing step typically contains a few critical decision 224

tokens followed by a long sequence of determin- 225

istic syntactic tokens. Averaging over the entire 226

step smooths out the local spikes of uncertainty, 227

making these metrics insensitive to the actual dif- 228

ficulty. Similarly, the LLM-as-a-Judge distribu- 229

tion is discrete and highly skewed towards high 230

scores (saturation), lacking the granularity required 231

for fine-grained routing thresholds. In contrast, 232

Hinit presents a distinct bimodal distribution with 233

a heavy tail. The clear separation between the low- 234

entropy peak (routine steps) and the high-entropy 235

tail (complex reasoning) suggests that Hinit natu- 236

rally functions as a high-sensitivity discriminator 237

for routing. 238

Correlations to Model Routing. Motivated by 239

the observation that most information in a reason- 240

ing step resides at its onset, we further examine 241

whether this signal can serve as an indicator for 242

model routing, where a lightweight language model 243

can reliably substitute a large model. To this end, 244

we partition reasoning steps into intervals based 245

on Hinit predicted by the small model. For each 246

interval, we evaluate the alignment between the 247

outputs generated by the small and large models, 248
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Figure 3: The overall framework of GlimpRouter. The collaborative inference pipeline operates in a step-wise
manner. At the onset of each reasoning step, the SLM first generates a “glimpse” (the initial token Tk). GlimpRouter
then computes the entropy Hinit of this token to gauge step difficulty. Based on the threshold, the system dynamically
routes the generation: (1) Delegate (Low Hinit): Routine steps are fully generated by the efficient SLM. (2) Intervene
(High Hinit): Complex steps signaling cognitive pivots are routed to the capable LLM for robust reasoning. Finally,
the LLM generates the conclusive answer based on the aggregated collaborative chain.

conditioned on the same preceding context c. We249

quantify alignment using two widely used similar-250

ity metrics: BLEU-4 (Lin and Och, 2004), which251

captures lexical overlap, and SBERT (Reimers and252

Gurevych, 2019), which measures semantic simi-253

larity. As shown in Figure 2, we observe a strictly254

monotonic negative correlation between Hinit and255

both similarity metrics. In the low-Hinit regime,256

the small model’s outputs closely align with those257

of the large model, indicating that such steps can258

be handled competently by the lightweight model.259

In contrast, as Hinit increases, the alignment de-260

grades substantially, reflecting growing divergence261

in both surface form and semantic content. This262

strong correlation provides empirical evidence that263

Hinit can be a reliable predictor of step-level dif-264

ficulty, thereby suggesting a routing strategy in265

which a small model can substitute a large model266

in low-Hinit steps without compromising results.267

To provide concrete intuition for this correlation,268

we present qualitative case studies in Appendix F.269

3 Methodology270

3.1 Problem Formulation271

We consider a collaborative inference framework272

involving a large, high-capacity reasoning model273

(LLM, ML) and a small computationally efficient274

model (SLM, MS). Large reasoning models typi-275

cally output a reasoning process T , often encapsu-276

lated within a <think> . . .</think> tag, followed277

by the final answer A. Our framework focuses278

on accelerating the reasoning process T , while279

the final answer A is always generated by ML280

to ensure correctness. Formally, the reasoning 281

process is decomposed into a sequence of steps 282

T = {s1, . . . , sK} based on structural delimiters 283

(e.g., double newlines (Pan et al., 2025; Yang et al., 284

2025b)). Each step sk consists of a sequence of 285

tokens sk = (t1, . . . , tL) and is generated condi- 286

tioned on the preceding context ck, which includes 287

the original question and all previous generated 288

steps s1, . . . , sk−1. The objective of collaborative 289

inference is to dynamically assign each reasoning 290

step sk to MS or ML, minimizing overall inference 291

latency while preserving the quality of reasoning 292

required for accurate solutions. 293

3.2 Overview 294

To navigate the efficiency-accuracy trade-off, we 295

propose GlimpRouter, a training-free, step-aware 296

collaboration strategy that routes reasoning steps 297

based on the initial token entropy (Hinit). Figure 3 298

illustrates the overall pipeline. Given an input ques- 299

tion, the system operates in a step-wise manner. 300

At the onset of each step, instead of blindly gener- 301

ating the full content, GlimpRouter employs MS 302

to “glimpse” the first token, yielding an entropy 303

Hinit that quantizes the difficulty of the upcoming 304

step: If Hinit falls below a threshold, the step is 305

deemed routine, and the small model is responsi- 306

ble for continuing the generation. Otherwise, the 307

step signals a cognitive pivot, and the context is 308

handed over to a large model for high-quality gen- 309

eration. This “Probe-then-Dispatch” mechanism 310

ensures that heavy computational resources are al- 311

located solely for critical reasoning steps. Each 312
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step is introduced in the following sections. The313

detailed procedure is outlined in Algorithm 1 in314

Appendix A.315

3.3 Glimpse: Initial Token Probing316

At the beginning of the reasoning step k, given317

the preceding context ck, the small model MS is318

invoked to predict the probability distribution of319

only the first token tk,1. We compute the entropy320

Hinit(sk) of this distribution as a proxy for the321

cognitive uncertainty of the current reasoning step.322

This probing operation incurs a marginal compu-323

tational cost equivalent to decoding a single token,324

unlike methods that necessitate generating an en-325

tire reasoning step (typically L ≫ 1 tokens) before326

verification. Even in scenarios where the step is327

subsequently identified as difficult and routed to328

ML (thereby discarding the probe), this 1-token329

overhead is negligible compared to the substantial330

sunk costs associated with discarding fully gener-331

ated invalid steps.332

3.4 Dynamic Model Routing333

Given the entropy of the initial token in the current334

step, GlimpRouter dispatches the generation task335

to the appropriate model based on a threshold τ :336

Delegate (Hinit(sk) ≤ τ ): Low entropy suggests337

that the small model is confident in the logical338

progression, and the step is likely routine. Conse-339

quently, MS continues to autoregressively gener-340

ate the remainder of step sk until the delimiter is341

reached. This decision reduces the total cost by342

maximizing the utilization of the small model.343

Intervene (Hinit(sk) > τ ): High entropy indicates344

logical ambiguity or high cognitive load. In this345

scenario, ML is selected to generate the step sk.346

While this incurs a higher computational cost, it347

leverages the superior reasoning and inherent self-348

correction capabilities of LRMs (Guo et al., 2025).349

Specifically, ML can rectify potential logical drifts350

accumulated in the historical context ck, thereby351

satisfying the quality constraint. We provide a qual-352

itative analysis of this implicit self-correction be-353

havior in Appendix F.354

3.5 Efficient Model Switching355

A critical requirement for a step-level collaboration356

system, where every step involves context transi-357

tions, is minimizing the model switching overhead.358

To minimize the system overhead, we leverage pre-359

fix caching mechanisms supported by inference360

engines (Kwon et al., 2023; Zheng et al., 2024).361

When routing a request between models, the con- 362

text ck, which comprises the question and historical 363

steps, is largely resident in the KV cache from pre- 364

vious interactions. Thus, the context processing 365

is reduced to a highly parallelizable prefill phase 366

rather than a serial re-computation. The resulting 367

switching latency is comparable to decoding a few 368

tokens, ensuring that the computational savings 369

from MS are not negated by routing overheads. 370

3.6 Hierarchical Acceleration 371

A distinct advantage of GlimpRouter lies in its 372

step-level granularity. This coarse-grained design 373

is inherently orthogonal to token-level optimiza- 374

tions, allowing our framework to be seamlessly 375

integrated with various low-level acceleration tech- 376

niques to achieve compound speedups. To max- 377

imize system throughput, we implement a hier- 378

archical acceleration strategy in Section 4.3. At 379

the inter-step level, GlimpRouter acts as a global 380

planner, assigning routine logical steps to MS to 381

bypass the expensive ML entirely. At the intra-step 382

level, when ML is invoked, we further accelerate its 383

generation using Speculative Decoding (Leviathan 384

et al., 2023). Specifically, we employ a “Draft- 385

then-Verify” pipeline where the small draft model 386

MS proposes token sequences that are verified in 387

parallel by ML. 388

4 Experiments 389

4.1 Experimental Setup 390

Models and Configurations. We conduct com- 391

prehensive experiments using the Qwen3 (Yang 392

et al., 2025a) and DeepSeek-R1 (Guo et al., 2025) 393

families. We utilize Qwen3-4B as the small model 394

(SLM) and DeepSeek-R1-Distill-Qwen-32B as the 395

large model (LLM). This setup serves as the de- 396

fault configuration for our results. To verify the 397

scalability of GlimpRouter, we extend our analy- 398

sis to Qwen3-32B as the LLM in Section 4.2 and 399

DeepSeek-R1-Distill-Qwen-1.5B as the SLM in 400

Appendix B, covering a spectrum of model sizes 401

and architectural pairings. 402

Benchmarks. We evaluate our method on a 403

diverse set of complex reasoning tasks. For 404

mathematical reasoning, we employ AIME24 and 405

AIME25, which represent the frontier of mathe- 406

matical problem-solving. For general reasoning, 407

we use GPQA-Diamond (Rein et al., 2024), an 408

expert-written, challenging multiple-choice dataset 409
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LLM Method AIME24 AIME25 GPQA LCBv5 LCBv6

Acc ↑ Lat ↓ Acc ↑ Lat ↓ Acc ↑ Lat ↓ Acc ↑ Lat ↓ Acc ↑ Lat ↓

- SLM only 48.33 99 45.00 105 61.11 76 47.90 100 43.71 94

Qwen3-32B

LLM only 60.00 220 48.33 231 61.87 194 52.69 249 47.43 241
Random 56.67 134 47.50 136 61.74 128 51.20 147 44.00 146
RSD 59.17 167 47.50 173 62.50 165 51.05 209 46.29 208
SpecCoT 58.33 161 48.33 170 61.62 163 51.05 195 45.71 192
SpecReason 60.00 160 49.17 162 62.63 181 51.50 213 46.29 214
GlimpRouter 60.83 145 51.67 147 63.01 142 52.69 162 47.14 165

DeepSeek-32B

LLM only 57.50 197 46.67 220 61.62 176 52.40 219 46.86 214
Random 56.67 137 48.33 147 62.50 114 52.25 142 47.00 131
RSD 58.33 167 45.83 171 63.64 146 51.95 180 45.71 178
SpecCoT 60.00 159 50.00 175 62.75 135 53.29 168 47.14 165
SpecReason 57.50 158 49.17 169 63.76 213 53.59 185 47.57 189
GlimpRouter 60.83 143 51.67 163 64.02 129 54.64 160 48.29 160

Table 1: Performance comparison with Qwen3-32B and DeepSeek-R1-Distill-Qwen-32B as LLM, and SLM is
fixed as Qwen3-4B. Acc and Lat represent Accuracy (Pass@1, %) and Average Latency (s), respectively. The best
performance within each group is highlighted in bold.

in biology, physics, and chemistry. For code gener-410

ation, we utilize LiveCodeBench (v5 and v6) (Jain411

et al., 2024), which evaluates the model’s ability to412

solve competitive programming problems.413

Baselines. We compare GlimpRouter against414

standalone models and state-of-the-art collabora-415

tive inference baselines. Standalone SLM / LLM:416

The individual performance of the small and large417

models, serving as the efficiency and performance418

boundaries, respectively. Random: A method us-419

ing a random score from 0 to 9 to select the model420

for inference. RSD (Liao et al., 2025): A reward-421

guided method that employs a trained Process Re-422

ward Model (PRM) to evaluate the quality of the423

step and determine whether to invoke the large424

model. SpecCoT (Shi et al., 2025): A selection-425

based collaboration method where the small model426

generates multiple candidate reasoning steps in427

parallel. The large model acts as a discrimina-428

tor to select the optimal step. SpecReason (Pan429

et al., 2025): A verification-based method where430

the small model generates a step, which is then431

verified by the large model acting as a judge. Upon432

rejection, the large model falls back to generation.433

Metrics. We assess the efficiency-performance434

trade-off using two key metrics. Pass@1 (Acc):435

The percentage of problems solved correctly on436

the first attempt. Latency (Lat): The end-to-end437

wall-clock time (in seconds) per question, serving438

as the primary indicator of inference efficiency. 439

Implementation Details. All experiments are 440

conducted on NVIDIA A100-80GB GPUs using 441

the vLLM inference engine (Kwon et al., 2023). 442

We employ sampling with a temperature of 0.6 and 443

a top-p of 0.95. The maximum budget for reason- 444

ing tokens is set to 8192. For the hierarchical ac- 445

celeration strategy, we repurpose the SLM to serve 446

as the token-level drafter for the LLM with a draft 447

length of n = 3. To ensure statistical stability, all 448

reported results are averaged over 4 runs. Regard- 449

ing the entropy threshold τ , since it modulates the 450

trade-off between latency and accuracy, we report 451

the configuration that achieves the optimal balance, 452

maximizing accuracy while securing significant la- 453

tency reduction, in our main results. Empirically, 454

this corresponds to an intervention rate (percent- 455

age of steps generated by LLM) of approximately 456

20%–30%. A detailed sensitivity analysis of τ is 457

provided in Section 4.3. 458

4.2 Main Results 459

Table 1 presents the comparative performance of 460

GlimpRouter against baselines on five complex 461

reasoning benchmarks. GlimpRouter consistently 462

achieves the optimal trade-off between inference 463

latency and reasoning accuracy across different 464

model configurations. In the primary setting using 465

Qwen3-4B as the SLM, our method consistently 466

outperforms the standalone LLM (DeepSeek-R1- 467
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Figure 4: Sensitivity analysis of collaboration threshold on multiple benchmarks. GlimpRouter (red circles)
establishes a superior Pareto frontier compared to the SpecReason (blue triangles). Dashed lines represent the
performance of standalone models.

Distill-Qwen-32B) in accuracy while delivering468

substantial speedups. Specifically, GlimpRouter re-469

duces end-to-end latency by 25.2%–27.4% across470

all datasets compared to the LLM-only baseline.471

For instance, on AIME25, we observe a substantial472

10.7% relative improvement in accuracy combined473

with a 25.9% reduction in latency.474

Compared to existing step-level collaboration475

methods, GlimpRouter demonstrates a distinct ad-476

vantage in efficiency. While baselines like RSD,477

SpecCoT, and SpecReason achieve better accuracy478

than the SLM-only baseline, they still incur signif-479

icant latency overheads. For example, SpecRea-480

son’s latency on GPQA (213s) exceeds even that of481

the standalone LLM, DeepSeek-R1-Distill-Qwen-482

32B (176s), negating the benefits of collaboration.483

This inefficiency stems from their routing mecha-484

nisms: all methods require generating full reason-485

ing steps (and often multiple candidates) or per-486

forming post-hoc verification before making a deci-487

sion. In contrast, GlimpRouter determines the rout-488

ing path based solely on the initial token entropy.489

This “Probe-then-Dispatch” mechanism minimizes490

the computational overhead of the decision process.491

A counterintuitive yet compelling result is that492

our collaborative framework outperforms the accu-493

racy of the standalone large model (e.g., 51.67%494

vs. 46.67% on AIME25). We attribute this to the495

self-correction capacity of LRMs (Guo et al., 2025;496

Zeng et al., 2025a). The intervention mechanism in497

our framework offers more than just text comple-498

tion. The high entropy at the onset of a step often499

serves as a manifestation of latent inconsistencies500

accumulated in the preceding trajectory. When501

GlimpRouter detects this uncertainty and invokes502

the LLM, the large model does not merely continue503

the sequence; effective intervention allows it to504

implicitly re-evaluate the context and rectify prior505

logical drifts, thereby realigning the reasoning path.506

We provide concrete case studies illustrating this507

correction behavior in Appendix F.508

4.3 Ablation and Analysis 509

Sensitivity Analysis of Collaboration Thresh- 510

old. The trade-off between inference efficiency 511

and reasoning capability is closely associated with 512

the proportion of steps routed to the large model, 513

referred to as the intervention rate. To investigate 514

how this rate impacts the performance, we vary 515

the entropy threshold τ for GlimpRouter and the 516

verification threshold for SpecReason. By vary- 517

ing these thresholds, we modulate the proportion 518

of steps processed by the large model. Figure 4 519

illustrates the accuracy-latency trade-off on multi- 520

ple benchmarks. The curve of GlimpRouter (red) 521

lies strictly above and to the left of the SpecRea- 522

son baseline (blue), establishing a superior Pareto 523

frontier. Detailed numerical results are provided in 524

Appendix C. 525

Impact of Metric Choice. To empirically vali- 526

date the effectiveness of our Hinit metric, we con- 527

ducted an ablation study comparing it against two 528

widely used uncertainty metrics: Step-wise En- 529

tropy (Hstep) and Step-wise Perplexity (PPLstep). 530

Table 2 presents the comparative results on the 531

AIME25 benchmark, while the extended results are 532

detailed in Appendix D. GlimpRouter outperforms 533

both step-wise variants by a significant margin, 534

achieving a relative accuracy gain of 10.7% over 535

Hstep and 8.8% over PPLstep. This result corrob- 536

orates our Signal Dilution hypothesis (Section 2.2). 537

Beyond accuracy, Hinit offers a fundamental ad- 538

vantage in latency (163s vs. 178s / 181s). Imple- 539

menting routing via step-wise metrics necessitates 540

a “Generate-then-Measure” paradigm, where the 541

initial generation becomes a sunk cost if the step is 542

subsequently routed to ML. Conversely, Hinit oper- 543

ates on a “Probe-then-Dispatch” basis, eliminating 544

the overhead of generating invalid draft steps. 545

Orthogonal Speedup with Speculative Decoding. 546

To demonstrate the versatility of our framework, 547

we evaluate the compatibility of GlimpRouter with 548
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Variants Acc ↑ Lat ↓

GlimpRouter 51.67 163
w/ step-wise entropy 46.67 178
w/ step-wise perplexity 47.50 181

Table 2: Ablation study of different metrics on AIME25.
We report accuracy (Acc) and average generation la-
tency (Lat) measured in seconds.

Speculative Decoding, a token-level acceleration549

technique. Table 3 presents the performance met-550

rics when integrating Speculative Decoding into551

three different inference paradigms: standalone552

LLM, SpecReason, and GlimpRouter. As shown553

in Table 3, integrating Speculative Decoding con-554

sistently reduces latency across all methods while555

maintaining comparable accuracy. Crucially, the556

combination of GlimpRouter + Speculative De-557

coding achieves the lowest end-to-end latency558

among all configurations. (1) Global Synergy:559

GlimpRouter optimizes the coarse-grained logical560

flow by routing easy steps to the small model, re-561

ducing the total number of calls to the expensive562

large model. (2) Local Synergy: For the diffi-563

cult steps that are processed by LLM, Speculative564

Decoding optimizes the fine-grained token genera-565

tion, mitigating the high per-token cost of the large566

model. By attacking the efficiency bottleneck from567

both step-level routing and token-level execution,568

our framework achieves a compound speedup that569

surpasses either technique applied in isolation. Ad-570

ditional results on other benchmarks are available571

in Appendix E.572

Method AIME25 LCBv6

Acc ↑Lat ↓Acc ↑Lat ↓

LLM only 46.67 220 46.86 214
+ Speculative Decoding 45.83 149 46.29 166

SpecReason 49.17 169 47.57 189
+ Speculative Decoding 49.17 140 47.14 154

GlimpRouter 51.67 163 48.29 160
+ Speculative Decoding 51.67 130 48.00 137

Table 3: Evaluation of orthogonality with Speculative
Decoding on AIME25 and LCBv6. We report accuracy
(Acc) and average generation latency (Lat) measured in
seconds.

5 Related Work573

Collaborative Inference. Collaborative infer-574

ence has emerged as a promising paradigm for575

optimizing the efficiency-performance trade-off by 576

leveraging models of varying capacities. Exist- 577

ing approaches generally operate across three in- 578

teraction granularities: query-level routing (Chen 579

et al., 2023b; Ding et al., 2024; Ong et al., 2024), 580

step-level collaboration (Shi et al., 2025; Pan et al., 581

2025; Liao et al., 2025), and token-level specula- 582

tion (Leviathan et al., 2023; Chen et al., 2023a; Cai 583

et al., 2024; Li et al., 2024). Our GlimpRouter dis- 584

tinguishes itself by proposing a training-free, step- 585

level “Probe-then-Dispatch” mechanism based on 586

initial token entropy, which effectively eliminates 587

the sunk costs associated with post-hoc verifica- 588

tion. 589

Efficient Reasoning. LRMs such as DeepSeek- 590

R1 (Guo et al., 2025) and OpenAI o1/o3 (Jaech 591

et al., 2024; OpenAI, 2025) demonstrate that scal- 592

ing test-time compute via Chain-of-Thought (Wei 593

et al., 2022) reasoning significantly enhances rea- 594

soning capabilities, albeit at the cost of prohibitive 595

latency. To mitigate this bottleneck, recent re- 596

search explores dynamic offloading computation 597

to smaller models (Chen et al., 2025b; Wang et al., 598

2025d; Qu et al., 2025). At the query and token 599

levels, methods utilize trained difficulty predic- 600

tors (Damani et al., 2024) or trained routers (Fu 601

et al., 2025). Most pertinent to logical deduction 602

is step-level collaboration. Existing methods range 603

from training-based reward guidance (RSD) (Liao 604

et al., 2025) to training-free paradigms relying on 605

multi-path selection (SpecCoT) (Shi et al., 2025) 606

or post-hoc verification (SpecReason) (Pan et al., 607

2025). Unlike these methods constrained by redun- 608

dant generation or heavy verification overheads, 609

GlimpRouter achieves efficient orchestration via 610

initial token probing. 611

6 Conclusion 612

In this work, we addressed the critical latency 613

bottleneck of LRMs by proposing GlimpRouter. 614

This training-free, step-wise collaborative infer- 615

ence framework orchestrates models of varying 616

capacities. We introduce the “Probe-then-Dispatch” 617

mechanism based on initial token entropy. This ap- 618

proach allows the system to anticipate the step dif- 619

ficulty with negligible overhead. Extensive exper- 620

iments on multiple benchmarks demonstrate that 621

GlimpRouter establishes a superior Pareto frontier. 622

We hope this work enables efficient reasoning and 623

stimulates research on dynamic computation allo- 624

cation. 625
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Limitations626

Despite the efficiency gains demonstrated by627

GlimpRouter, we acknowledge several limitations.628

First, our routing mechanism relies on a static en-629

tropy threshold. While initial token entropy pro-630

vides a more continuous and granular signal com-631

pared to discrete metrics like LLM-as-a-Judge, a632

fixed global threshold may not adapt optimally to633

the varying difficulty distributions across diverse634

domains or specific query types. Future work could635

explore adaptive or instance-aware thresholding636

mechanisms to further refine the efficiency. Sec-637

ond, the step-level decomposition in our frame-638

work relies on explicit structural delimiters (specif-639

ically, double newline characters). Although this640

formatting pattern is prevalent in Large Reasoning641

Models, such as the DeepSeek-R1 and Qwen fami-642

lies, this heuristic dependence may limit the frame-643

work’s direct applicability to models that gener-644

ate unstructured Chain-of-Thought sequences. Ex-645

ploring semantic-based segmentation strategies re-646

mains a valuable direction for future research.647
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A Pseudocode of GlimpRouter856

The pseudocode of GlimpRouter is provided in Al-857

gorithm 1. Given an input question, the system858

operates in a step-wise manner. At the onset of859

each step, instead of blindly generating the full860

content, GlimpRouter employs MS to “glimpse”861

the first token, yielding an entropy Hinit that quan-862

tizes the difficulty of the upcoming step: If Hinit863

falls below a threshold, the step is deemed routine,864

and the small model is responsible for continuing865

the generation. Otherwise, the step signals a cogni-866

tive pivot, and the context is handed over to a large867

model for high-quality generation.868

Algorithm 1 Step-wise Collaborative Inference via
GlimpRouter
1: Inputs: question q, large model ML, small model MS ,

entropy threshold τ

2: Output: a composite reasoning chain T̂
3: T̂ ← ∅ // Initialize the reasoning chain
4: k ← 1
5: while not finished do
6: ck=CONCAT(q, T̂ ) // Construct the current context

by concatenating question and historical steps
7: Pinit = MS(ck) // Compute the first-token distribution

using the small model
8: Calculate the initial token entropy Hinit(sk)
9: if Hinit(sk) > τ then

10: ŝk ← ML(ck) // Generate ŝk using the large
model

11: else
12: ŝk ← MS(ck) // Generate ŝk using the small

model
13: end if
14: T̂ = CONCAT(T̂ , ŝk) // Append the generated step to

the reasoning chain
15: k ← k + 1
16: end while
17: return T̂

B Scalability across Architectural869

Pairings870

To verify the universality of GlimpRouter beyond871

specific small models (e.g., Qwen3-4B), we ex-872

tend our evaluation to a homogeneous model fam- 873

ily setting. Specifically, we employ DeepSeek- 874

R1-Distill-Qwen-1.5B as the small model (SLM) 875

and DeepSeek-R1-Distill-Qwen-32B as the large 876

model (LLM). 877

Table 4 presents the comparative results on 878

the AIME, GPQA-Diamond, and LiveCodeBench 879

benchmarks. Consistent with the observa- 880

tions in our main experiments (Section 4.2), 881

GlimpRouter continues to exhibit a superior 882

efficiency-performance trade-off compared to base- 883

lines. Despite the change in the small model, 884

GlimpRouter maintains its advantage over reac- 885

tive baselines such as RSD, SpecReason, and Spec- 886

CoT. While baselines incur significant latency over- 887

head due to full-step generation and verification, 888

GlimpRouter effectively leverages Hinit to route 889

simpler steps to DeepSeek-R1-Distill-Qwen-1.5B 890

preemptively. The success of GlimpRouter in this 891

DeepSeek-R1-Distill-Qwen-1.5B + DeepSeek-R1- 892

Distill-Qwen-32B setting underscores the robust- 893

ness of the “Probe-then-Dispatch” mechanism. It 894

suggests that the correlation between the initial 895

token’s entropy and step-level difficulty is not an 896

artifact of specific datasets or model families, but 897

rather an intrinsic property of large reasoning mod- 898

els. 899

C Detailed Sensitivity Analysis of 900

Collaboration Thresholds 901

In this section, we present the comprehensive nu- 902

merical results that underpin the sensitivity anal- 903

ysis discussed in Section 4.3. We examine the 904

impact of varying the thresholds on the interven- 905

tion rate, defined as the percentage of reasoning 906

steps generated by the large model (ML), and the 907

resulting efficiency-performance trade-offs. We 908

evaluate two distinct routing mechanisms: We 909

sweep the Initial Token Entropy (Hinit) threshold 910

τ ∈ {0.01, 0.1, 0.6, 0.9, 1.8}. A lower τ makes 911

the system more cautious, triggering ML more fre- 912

quently (Higher Intervention). We vary the veri- 913

fication confidence threshold σ ∈ {6, 7, 8, 9} of 914

SpecReason. A stricter threshold leads to higher re- 915

jection rates, forcing ML to regenerate steps more 916

frequently (Higher Intervention). 917

Table 5 details the performance metrics on the 918

AIME and LiveCodeBench benchmarks. A critical 919

observation is the scaling behavior of latency with 920

respect to the intervention rate. For GlimpRouter, 921

latency increases linearly and modestly as the in- 922
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Method AIME24 AIME25 GPQA LCBv5 LCBv6

Acc ↑ Lat ↓ Acc ↑ Lat ↓ Acc ↑ Lat ↓ Acc ↑ Lat ↓ Acc ↑ Lat ↓

SLM only 25.83 60 26.67 57 15.91 37 15.12 66 20.29 62
LLM only 57.50 197 46.67 220 61.62 176 52.40 219 46.86 214

Random 43.33 127 28.33 135 46.46 88 37.13 142 33.71 138
RSD 46.67 162 35.83 173 49.90 123 41.32 198 37.71 197
SpecCoT 50.00 158 30.83 168 51.01 121 37.96 193 37.03 184
SpecReason 45.83 152 31.67 171 53.41 159 38.08 192 38.26 190
GlimpRouter 51.67 145 39.17 166 54.04 117 45.66 189 43.57 182

Table 4: Performance comparison with DeepSeek-R1-Distill-Qwen-1.5B as SLM and DeepSeek-R1-Distill-Qwen-
32B as LLM. Acc and Lat represent Accuracy (Pass@1, %) and Average Latency (s), respectively. The best
performance is highlighted in bold.

Method Thr. AIME24 AIME25 LCBv5 LCBv6

Acc ↑ Lat ↓ Rate Acc ↑ Lat ↓ Rate Acc ↑ Lat ↓ Rate Acc ↑ Lat ↓ Rate

SLM only - 48.33 99 0 45.00 105 0 47.90 100 0 43.71 94 0
LLM only - 57.50 197 100 46.67 220 100 52.40 219 100 46.86 214 100

SpecReason

σ = 6 50.00 128 2 45.00 138 2 50.89 130 13 45.80 139 15
σ = 7 53.33 146 5 48.33 151 4 52.69 141 17 46.86 144 17
σ = 8 57.50 158 14 49.17 169 12 53.59 185 32 47.57 189 37
σ = 9 61.67 220 48 51.67 249 51 54.20 250 87 48.00 260 87

GlimpRouter

τ = 1.8 51.67 128 2 45.83 138 2 51.60 110 2 47.43 111 2
τ = 0.9 60.83 143 26 51.67 163 27 54.64 160 37 48.29 160 37
τ = 0.6 61.67 160 44 55.00 181 45 55.30 179 60 48.95 183 65
τ = 0.1 63.33 181 76 55.67 205 76 55.50 221 84 49.10 221 88
τ = 0.01 63.67 194 85 55.83 212 83 55.50 227 89 49.15 227 91

Table 5: Detailed sensitivity analysis of routing thresholds across different benchmarks. Thr.: Routing threshold (τ
for GlimpRouter, σ for SpecReason). Acc: Pass@1 Accuracy. Lat: Average Latency. Rate: Intervention Rate, the
percentage of steps generated by the large model (ML).

tervention rate rises. This is because the overhead923

of checking the first token is negligible; the latency924

cost is purely the difference between ML and MS925

generation speeds. In stark contrast, SpecReason926

exhibits a super-linear latency spike as the interven-927

tion rate increases. Taking AIME25 as an example,928

at an intervention rate of approximately ∼ 50%, the929

latency of SpecReason is significantly higher than930

that of GlimpRouter. This confirms the “Sunk Cost”931

hypothesis: SpecReason must waste time generat-932

ing a full draft by MS before ML can intervene,933

whereas GlimpRouter proactively dispatches the934

task, eliminating redundant computation. Further-935

more, comparing iso-accuracy configurations (e.g.,936

GlimpRouter with τ = 0.9 vs. SpecReason with937

σ = 9, both achieving 51.67% on AIME25), our938

method consistently achieves lower latency. This 939

numerical evidence substantiates the visual trend 940

observed in the Pareto frontier (Figure 4), demon- 941

strating that Hinit is more efficient than post-hoc 942

verification. 943

D Extended Analysis of Metric Choice 944

In Section 4.3, we demonstrate the superiority of 945

the initial token entropy (Hinit) on the AIME25 946

benchmark. We extend the ablation study to in- 947

clude AIME24, AIME25, LiveCodeBench v5, and 948

LiveCodeBench v6. Table 6 presents the compre- 949

hensive results comparing GlimpRouter against 950

Step-wise Entropy (Hstep) and Step-wise Perplex- 951

ity (PPLstep). 952

Across all four benchmarks, GlimpRouter em- 953
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Variants AIME24 AIME25 LCBv5 LCBv6

Acc ↑ Lat ↓ Acc ↑ Lat ↓ Acc ↑ Lat ↓ Acc ↑ Lat ↓

GlimpRouter 60.83 143 51.67 163 54.64 160 48.29 160
w/ step-wise entropy 58.33 163 46.67 178 53.44 185 47.29 194
w/ step-wise perplexity 59.17 159 47.50 181 53.29 181 47.43 194

Table 6: Comprehensive ablation studies of metrics on four benchmarks. We report accuracy (Acc) and average
generation latency (Lat) measured in seconds.

Method AIME24 AIME25 LCBv5 LCBv6

Acc ↑ Lat ↓ Acc ↑ Lat ↓ Acc ↑ Lat ↓ Acc ↑ Lat ↓

LLM only 57.50 197 46.67 220 52.40 219 46.86 214
+ Speculative Decoding 56.67 139 45.83 149 51.80 165 46.29 166

SpecReason 57.50 158 49.17 169 53.59 185 47.57 189
+ Speculative Decoding 57.50 133 49.17 140 53.29 151 47.14 154

GlimpRouter 60.83 143 51.67 163 54.64 160 48.29 160
+ Speculative Decoding 60.00 116 51.67 130 54.34 134 48.00 137

Table 7: Comprehensive evaluation of orthogonal speedup with Speculative Decoding across four benchmarks. We
report accuracy (Acc) and average generation latency (Lat) measured in seconds. Rows highlighted in gray indicate
the integration of token-level speculative decoding.

ploying Hinit consistently achieves the highest ac-954

curacy. This universal superiority strongly supports955

the Signal Dilution hypothesis. Step-wise metrics,956

by averaging uncertainty over the entire sequence957

length L, allow high-confidence syntactic tokens to958

obscure the signals from critical reasoning nodes.959

In contrast, Hinit focuses exclusively on the cogni-960

tive pivot (the initial token), providing a sharper,961

undiluted signal that effectively distinguishes be-962

tween routine steps and complex logical bifurca-963

tions. Regarding efficiency, the results highlight964

a fundamental structural advantage of our method.965

On every benchmark, the step-wise metrics incur966

higher latency than GlimpRouter, despite operating967

at similar intervention rates. This is because step-968

wise metrics operate on a “Generate-then-Measure”969

paradigm: the small model must fully generate a970

step before its difficulty can be assessed. If the step971

is subsequently rejected and routed to the large972

model, the initial generation becomes a sunk cost.973

GlimpRouter, leveraging the “Probe-then-Dispatch”974

mechanism, assesses difficulty before generation.975

This proactive routing eliminates invalid drafting,976

ensuring that computational resources are allocated977

with maximal efficiency.978

E Extended Analysis of Orthogonality 979

with Speculative Decoding 980

In Section 4.3, we demonstrated the compatibility 981

of GlimpRouter with Speculative Decoding on spe- 982

cific benchmarks. To verify that this compound 983

speedup is a universal property of our framework, 984

we extend the evaluation to the full suite of bench- 985

marks: AIME24, AIME25, LiveCodeBench v5, 986

and LiveCodeBench v6. Table 7 details the per- 987

formance metrics for three inference paradigms 988

(Standalone LLM, SpecReason, and GlimpRouter), 989

both with and without Token-level Speculative De- 990

coding. 991

As evidenced in Table 7, integrating Specula- 992

tive Decoding yields consistent latency reductions 993

across all methods and benchmarks. For the stan- 994

dalone LLM, latency drops by approximately 22%– 995

32%. For the collaborative methods (SpecRea- 996

son and GlimpRouter), the token-level acceler- 997

ation further compresses the execution time of 998

the large model’s generation phases. Importantly, 999

this speedup is achieved with negligible impact 1000

on reasoning accuracy. Crucially, the combina- 1001

tion of GlimpRouter + Speculative Decoding 1002

achieves the lowest end-to-end latency across all 1003

experimental configurations. Even when the strong 1004
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baseline, SpecReason, is accelerated by Specula-1005

tive Decoding, it remains consistently slower than1006

our enhanced framework (e.g., 140s vs. 130s on1007

AIME25). This gap highlights a fundamental ar-1008

chitectural distinction: Token-level speculation can1009

only accelerate the generation process; it cannot1010

recover the sunk costs of invalid steps discarded1011

during reactive verification. SpecReason still pays1012

the penalty for generating and rejecting full steps.1013

In contrast, GlimpRouter leverages Hinit to proac-1014

tively route steps, minimizing the number of tokens1015

that need to be generated in the first place. When1016

combined with Speculative Decoding, which accel-1017

erates the tokens that must be generated by ML,1018

we achieve a multiplicative effect on efficiency.1019

This confirms that GlimpRouter serves as an ideal1020

Global Planner, perfectly complementing Local1021

Executors like Speculative Decoding to establish1022

a new state-of-the-art Pareto frontier.1023

F Case Studies1024

F.1 Case Study 1: Correlation between Initial1025

Token Entropy (Hinit) and Reasoning1026

Difficulty1027

We provide a concrete example to show the corre-1028

lation between Hinit and reasoning difficulty. The1029

case visualizes how GlimpRouter dynamically al-1030

locates computational resources based on the cog-1031

nitive load of each step. The case below illustrates1032

a representative trajectory from the AIME bench-1033

mark. We observe a clear dichotomy in Hinit values1034

corresponding to the nature of the reasoning steps:1035

• Low Hinit (Routine Execution): Steps 1-21036

and 5-12 exhibit extremely low Hinit values1037

(e.g., 0.0046, 0.0008). These steps involve1038

factual restatements or mechanical algorith-1039

mic operations (e.g., recursive division by 2).1040

The small model (MS) demonstrates high con-1041

fidence and generates these tokens accurately,1042

validating our “Delegate” strategy.1043

• High Hinit (Cognitive Bifurcation): A crit-1044

ical spike in entropy occurs at the onset of1045

Step 3 (Hinit: 1.8985). Here, the reasoning1046

process transitions from problem setup to so-1047

lution planning. The small model’s draft (start-1048

ing with “Maybe”) reflects uncertainty in se-1049

lecting the counting method.1050

A Case of Correlation between Initial To-
ken Entropy (Hinit) and Reasoning Diffi-
culty

Question:
Alice chooses a set A of positive integers. Bob lists
all finite nonempty sets B whose maximum is in A.
Bob’s list has 2024 sets. Find the sum of the elements
of A.

Reasoning Trace via GlimpRouter:
Step 1 [SLM] (Hinit: 0.2369)
First, Alice chooses a set A, and Bob lists all
nonempty sets B whose maximum is in A; there are
2024 such sets.
Step 2 [SLM] (Hinit: 0.3485)
If A = {2}, then B can be {2} or {1, 2}, giving
22−1 = 2 sets. Generally, the number of sets corre-
sponds to a sum of powers of 2.

Step 3 (Critical Pivot)
Content (MS): “Maybe I can try to find...” (Hinit:
1.8985 > τ )
↪→ Action: Intervene (ML)
Content (ML): The most efficient way is to divide
2024 by 2 repeatedly to find its binary representa-
tion directly.

Step 4 [SLM] (Hinit: 0.0046)
Compute 2024/2 = 1012, remainder 0.
Step 5 [SLM] (Hinit: 0.0008)
Then 1012/2 = 506, remainder 0.
Step 6 [SLM] (Hinit: 0.0102)
Next 506/2 = 253, remainder 0.
Steps 7-10 [SLM] (Hinit values: 0.0055, 0.0032, 0.0041)
[...Routine division steps: 253 → 126 → 63 →
31...]
Step 11 [SLM] (Hinit: 0.1205)
So the binary representation is 111111010002. This
corresponds to powers 210, . . . , 23. Since the term is
2a−1, the elements are a ∈ {11, 10, 9, 8, 7, 6, 4}.
Step 12 [SLM] (Hinit: 0.0020)

Finally, the sum is 11+10+9+8+7+6+4 = 55 .
1051

F.2 Case Study 2: Self-Correction Mechanism 1052

in LRMs 1053

The case below demonstrates the system’s ability 1054

to detect and correct potential logical errors during 1055

the reasoning process. In combinatorics problems 1056

involving grid paths, an accurate definition of geo- 1057

metric properties is a prerequisite for calculation. 1058

• Logical Instability: In Step 3, the small 1059

model establishes the relationship between 1060

“direction changes” and “path segments”. It 1061

produces content containing a factual error: 1062

equating four direction changes to four seg- 1063

ments (the correct number is 4 + 1 = 5). 1064

• Correction via Intervention: Upon trig- 1065

gering the high-entropy threshold in Step 4, 1066

GlimpRouter invokes the large model (ML). 1067

Crucially, ML does not merely complete the 1068
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SLM’s erroneous sentence. Instead, it re-1069

evaluates the context and generates a correct1070

premise: “that means it has five straight seg-1071

ments.”1072

• Outcome: By correcting the hallucinated step1073

and injecting the correct geometric reasoning,1074

ML steers the trajectory back to a valid path.1075

Subsequently, MS successfully performs the1076

routine combinatorial calculations (Steps 5-6)1077

based on the corrected logic.1078

A Case of the Self-correction Mechanism
in LRMs

Question:
Consider the paths of length 16 that follow the lines
from the lower left corner to the upper right corner
on an 8× 8 grid. Find the number of such paths that
change direction exactly four times.

Reasoning Trace via GlimpRouter:
Step 1 [SLM] (Hinit: 0.2457)
So, the problem is about paths on a grid where you
start at (0,0) and end at (8,8), moving only right (R)
or up (U), each step being a unit move.
Step 2 [SLM] (Hinit: 0.3914)
Let me recall that in such grid paths, a path that goes
from (0,0) to (8,8) can be represented as a sequence
of right (R) and up (U) moves.

Step 3 [SLM] (Logical Divergence)
Suppose a path starts... four direction changes mean
the path has four segments.
Step 4 [LLM] (Logical Correction)
Wait, if a path changes direction exactly four times,
that means it has five straight segments. Because
each change of direction adds a new segment. For
example, starting with R gives R-U-R-U-R.

Step 5 [SLM] (Hinit: 0.4949)
Let me recall that the number of compositions of n
into k positive integers is C(n-1, k-1). Because it’s
equivalent to placing k-1 dividers in the n-1 gaps
between n items.
Step 6 [SLM] (Hinit: 0.2771)
Therefore, the total number is 2 × [

(
7
2

)
×

(
7
1

)
] =

2× 21× 7 = 294 .
1079
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