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Abstract001

Assessing the quality of Large Language Model002
(LLM) outputs becomes especially challeng-003
ing in high-branching settings, where a sin-004
gle prompt yields many plausible candidates.005
Existing verifiers typically operate on the sur-006
face text (e.g., reward models, LLM judges,007
majority voting) or on confidence proxies de-008
rived from token probabilities, both of which009
can be brittle: the former can be influenced010
by stylistic artifacts, while the latter is often011
miscalibrated. In this paper, we study a third012
source of information—the model’s hidden013
states—for binary correctness verification in014
tasks with a reliable success/failure signal (e.g.,015
deterministic checkers or reference-grounded016
answers). We find that correct and incorrect017
solutions exhibit measurable geometric differ-018
ences in their hidden-state trajectories. To iso-019
late this signal with minimal modeling assump-020
tions, we introduce CLUE (Clustering and021
Experience-based Verification), a training-022
free, non-parametric verifier. CLUE summa-023
rizes each reasoning trace by an activation024
delta—the difference between hidden states at025
the start and end of the explicit reasoning span—026
and predicts correctness by comparing this027
delta to two class centroids computed from la-028
beled experience. Across math (AIME 24/25),029
scientific QA (GPQA), and a multi-domain030
benchmark (WebInstruct-verified), CLUE im-031
proves selection and reranking, with particu-032
larly strong gains on smaller or less-calibrated033
models. For example, on AIME 24 with a 1.5B034
model, CLUE raises accuracy from 56.7% (ma-035
jority@64) to 70.0% (top-maj@16).036

1 Introduction037

Large Language Models (LLMs) can generate038

many candidate solutions for a single prompt, es-039

pecially on challenging reasoning tasks. This capa-040

bility shifts the bottleneck from generation to veri-041

fication (Cobbe et al., 2021; Lightman et al., 2023;042

Hosseini et al., 2024): when dozens of plausible-043

looking answers are available, how can we reliably 044

select the correct one among convincing but incor- 045

rect alternatives? 046

To address this question, the research community 047

has largely pursued two main strategies. The first 048

operates purely on the surface of the generated text, 049

delegating evaluation to an external judge. This 050

includes training separate reward models (Ouyang 051

et al., 2022; Bai et al., 2022; Zheng et al., 2023) or 052

adopting simple heuristics such as majority voting 053

(Wang et al., 2022). While useful in practice, these 054

after-the-fact approaches are fundamentally blind 055

to the model’s actual reasoning process. They can 056

be systematically misled by stylistic artifacts—e.g., 057

verbose but incorrect answers often receive higher 058

scores than terse but correct ones (Glaese et al., 059

2022). Moreover, trained judges inherit biases and 060

limitations from their training data, making them 061

brittle under distribution shift and expensive to re- 062

train for new domains. 063

A second line of work attempts to go beneath 064

the surface, but only through the shadow of the 065

model’s reported confidence. Methods in this cate- 066

gory rely on token probabilities, entropy, or derived 067

uncertainty estimates (Kadavath et al., 2022b; Lin 068

et al., 2023; Geng et al., 2023; Xiong et al., 2024; 069

Fu et al., 2025b). The underlying assumption is 070

that higher probability correlates with higher cor- 071

rectness. However, calibration of LLMs remains 072

poor: even state-of-the-art models are often “con- 073

fidently wrong,” assigning extreme likelihood to 074

factually false or logically inconsistent outputs (Fu 075

et al., 2025a). These confidence-based metrics also 076

degrade significantly on smaller or less-tuned mod- 077

els, where probability distributions are noisier and 078

less interpretable, making them a fragile basis for 079

reliable verification. 080

In this work, we argue that correctness can of- 081

ten be diagnosed more reliably from the model’s 082

internal reasoning trajectory than from surface text 083

alone or from token-level confidence proxies. Hid- 084
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Figure 1: Visualization of hidden-state trajectories for correct (blue) and incorrect (orange) solutions from our
experience set, projected to 2D using PCA. Each panel displays a different base model. The separation is imperfect
(overlap remains in 2D), but a consistent geometric shift is visible across models, motivating a simple centroid-based
verifier.

den states contain information relevant to both: ear-085

lier layers are closer to token embeddings and re-086

flect semantic/lexical features, while later layers087

align more strongly with the output logits and cor-088

relate with probability-based cues. This motivates089

hidden states as a unified representation for verifi-090

cation.091

Our core hypothesis is a geometric one: condi-092

tioned on a verification signal that cleanly partitions093

outcomes into success/failure, trajectories that end094

in correct answers tend to concentrate in different095

regions of representation space than incorrect ones.096

Importantly, we do not require a perfectly separated097

manifold; rather, we ask whether the separation is098

strong enough that a simple non-parametric rule099

can exploit it. As illustrated in Figure 1, correct and100

incorrect trajectories exhibit a consistent geometric101

shift across models, echoing insights from mecha-102

nistic interpretability (nostalgebraist, 2020; Belrose103

et al., 2023; Tomaz et al., 2025) while extending104

them toward actionable verification.105

This structure motivates a lightweight verifier.106

If correctness correlates with geometry, then even107

a low-capacity geometric rule should be able to108

exploit it. We introduce CLUE (Clustering and109

Experience-based Verification), a training-free,110

supervised aggregation framework that operates di-111

rectly on the model’s internal computation. Rather112

than using absolute final states, CLUE summarizes113

each reasoning trace by an activation delta—the114

difference between hidden states at the start and115

end of an explicit reasoning span (in our setup,116

delimited by <think> . . . </think>). This delta117

reduces prompt-specific offsets and emphasizes the118

net transformation induced by reasoning. From la-119

beled trajectories, CLUE computes success/failure120

centroids and classifies a new trace by proximity 121

to these centroids (via a layer-averaged Euclidean 122

distance). 123

Our experiments support this premise. CLUE 124

consistently matches or surpasses representative 125

LLM-as-a-judge and confidence-based baselines, 126

with especially clear gains on smaller or less- 127

calibrated models where probability cues and 128

surface-level judging are unreliable. Because 129

CLUE performs a one-time, deterministic aggre- 130

gation without gradient training, it avoids many 131

overfitting failure modes of learned verifiers. 132

Our contributions are summarized as follows: 133

• We propose a geometric perspective on verifica- 134

tion, showing that correctness is encoded as a 135

separable pattern in the hidden-state trajectories 136

of reasoning models. 137

• We introduce CLUE, a minimalist, training- 138

free verifier that aggregates experience into 139

activation-delta centroids, achieving strong per- 140

formance without gradient updates or complex 141

prompt engineering. 142

• We find that models fine-tuned with Reinforce- 143

ment Learning exhibit sharper internal separa- 144

tion between correct and incorrect reasoning 145

than SFT counterparts, suggesting that training 146

paradigms can materially affect verifier quality. 147

2 Related Work 148

2.1 Latent Reasoning and Activation 149

Geometry 150

LLMs can reason in latent space instead of (or 151

alongside) explicit token chains, via continuous 152

“thought states” fed back into the model or compact 153

hidden “thinking tokens” that compress CoT (Hao 154
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et al., 2024; Shen et al., 2025). Interpretability155

tools like the logit lens and tuned lens show that156

intermediate activations progressively align with157

output distributions, suggesting layer-wise decod-158

able semantics and confidence signals (nostalge-159

braist, 2020; Belrose et al., 2023). Hidden-state160

probes can self-verify intermediate answers and en-161

able early exit (Zhang et al., 2025), while semantic162

clustering of hidden rationales can improve robust-163

ness (Knappe et al., 2024). Beyond verification,164

activation directions can monitor or steer model165

traits (e.g., sycophancy, hallucination) via persona166

vectors (Chen et al., 2025). Also, in-context activa-167

tion vectors indicate that linear structure in hidden168

space can be mapped and reused across tasks (Liu169

et al., 2024). More broadly, recent surveys on rep-170

resentation engineering highlight how linear direc-171

tions and activation editing provide a general lens172

on hidden-state geometry in LLMs (Bartoszcze173

et al., 2025). Unlike these trained probes or steer-174

ing methods, our verifier CLUE is training-free and175

purely reads cross-layer activation deltas.176

2.2 Test Time Scaling177

Recent research has increasingly focused on test-178

time scaling – techniques that improve model per-179

formance by allocating more computation dur-180

ing inference without changing the model’s pa-181

rameters. Parallel approaches (such as self-182

consistency (Wang et al., 2022) and ensemble183

“best-of-N” selection (Snell et al., 2024)) gener-184

ate multiple independent chain-of-thought solu-185

tions and then aggregate or vote on the final an-186

swer, significantly boosting accuracy on complex187

tasks. Sequential approaches (such as iterative self-188

refinement (Madaan et al., 2023), Tree-of-Thoughts189

search (Yao et al., 2023)) allow the model to think190

in multiple steps, using intermediate reasoning191

to inform subsequent generations. Variants like192

weighted or semantic self-consistency (Luo et al.,193

2024; Knappe et al., 2024) highlight the importance194

of aggregating diverse rationales, while RLHF and195

LLM-as-a-judge approaches (Ouyang et al., 2022;196

Zheng et al., 2023) provide external supervision but197

can be costly and biased. To reduce dependence198

on large reward models, SWIFT learns lightweight199

hidden-state rewards that scale efficiently to best-200

of-N sampling (Guo et al., 2025b). Complemen-201

tary to this, DeepConf filters low-quality reason-202

ing traces using internal confidence signals, im-203

proving both efficiency and accuracy (Fu et al.,204

2025b); relatedly, early-exit schemes can truncate205

overthinking while preserving accuracy (Kadavath 206

et al., 2022a; Yang et al., 2025b). In contrast, 207

CLUE introduces no trainable verifier: it computes 208

success/failure centroids once from past experi- 209

ence and reranks by nearest centroid, showing that 210

correctness is geometrically separable in hidden 211

space. 212

3 The CLUE Framework 213

We first outline the core intuition behind CLUE. 214

Each time an LLM solves a problem, its inter- 215

nal computation traces a trajectory through a high- 216

dimensional representation space. We hypothesize 217

that trajectories leading to correct solutions differ 218

systematically from those leading to incorrect ones. 219

CLUE captures this difference via a training-free, 220

supervised aggregation over activation deltas: it 221

summarizes each labeled trajectory, builds class 222

centroids from these summaries, and then verifies a 223

new trajectory by proximity to the centroids. This 224

section formalizes the setup and the resulting geo- 225

metric rule. 226

3.1 Problem Formulation 227

Let an LLM be tasked with generating a response 228

Ri for a prompt P . We define a trajectory (or ex- 229

perience) Ti = (P,Ri), paired with a ground-truth 230

binary label yi ∈ {0, 1}, where yi = 1 denotes a 231

correct solution (success) and yi = 0 denotes an 232

incorrect solution (failure). The goal is to learn a 233

verification function f that maps a new trajectory 234

Tnew to a prediction ŷnew = f(Tnew) ∈ {0, 1}. Un- 235

like text-based or probability-based approaches, f 236

operates exclusively on the hidden-state representa- 237

tions generated during the production of Rnew. The 238

LLM parameters are kept fixed (frozen) throughout 239

both learning and inference. 240

3.2 CLUE: Verification via Activation-Delta 241

The central hypothesis is that the transformation 242

of internal states during explicit reasoning contains 243

a robust signal of correctness. We capture this 244

transformation with an activation delta, defined as 245

the difference between hidden states at the start 246

and the end of the reasoning block. In this paper, 247

the reasoning block is delimited by <think> and 248

</think>. 249

Reasoning boundary extraction. Our imple- 250

mentation uses explicit <think> boundaries to con- 251

sistently extract hstart and hend. This is a practical 252

choice rather than a conceptual requirement: any 253
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Figure 2: Overview of CLUE. Left (Learning): Labeled historical trajectories are summarized by their activation
deltas and aggregated into success and failure centroid matrices. Right (Verification): A new trajectory is
summarized by its activation delta and classified by the layer-averaged Euclidean distance (Eq. 4) to the two
pre-computed centroids. The underlying LLM remains frozen throughout.

consistent scheme that defines a “reasoning span”254

(e.g., fixed token offsets, delimiter-free segmenta-255

tion heuristics, or model-specific conventions) can256

be used to compute an activation delta. We focus on257

<think> because it is widely adopted by contem-258

porary reasoning models and makes the extraction259

unambiguous.260

Let the model have L layers and hidden dimen-261

sion D. For a given trajectory T , denote by262

hstart(T ) ∈ RL×D and hend(T ) ∈ RL×D263

the matrices of hidden states extracted, respectively,264

at the final token of <think> (just before detailed265

reasoning) and at the final token of </think> (after266

the reasoning has been formed). The activation267

delta is the matrix268

∆h(T ) = hend(T ) − hstart(T ) ∈ RL×D. (1)269

We use hidden states from all layers, reflecting270

the assumption that correctness-related informa-271

tion is distributed across depth (earlier layers re-272

tain semantic/lexical cues; later layers align more273

strongly with logits). The activation-delta matrix274

∆h(T ) serves as the sole feature representation for275

verification.276

Why a delta, and why a nearest-centroid rule?277

The activation delta in Eq. (1) can be viewed as a278

coarse summary of the net representational move-279

ment induced by the model’s internal computation280

during the reasoning span. Subtracting the start281

state partially cancels prompt-specific offsets that282

are common to both successful and failed attempts283

on the same input distribution, emphasizing how284

the model updates its beliefs rather than where it285

starts. Given labeled experience, a nearest-centroid 286

classifier is the simplest geometric decision rule 287

one can apply: it approximates a class-conditional 288

prototype and is closely related to linear discrimi- 289

nant analysis under spherical covariance. Our goal 290

is not to claim optimality of this classifier, but to 291

use it as a deliberately low-capacity probe. If such 292

a minimalist rule already performs strongly, it in- 293

dicates that the hidden-state representation itself is 294

highly informative for verification. 295

3.3 Centroid Construction and Classification 296

The learning phase is a one-time deterministic sta- 297

tistical aggregation over labeled trajectories D = 298

{(Ti, yi)}Ni=1. Define index sets 299

Isucc = { i | yi = 1 }, Ifail = { i | yi = 0 }. 300

For each trajectory, compute its activation delta 301

∆hi = ∆h(Ti) as in Eq. (1). The success and fail- 302

ure centroid matrices are the element-wise means: 303

Vsucc =
1

|Isucc|
∑

i∈Isucc

∆hi, (2) 304

305

Vfail =
1

|Ifail|
∑
i∈Ifail

∆hi. (3) 306

Both Vsucc,Vfail ∈ RL×D are stored for inference. 307

At inference, a new trajectory Tnew is summa- 308

rized by ∆hnew = ∆h(Tnew). We compare it to the 309

two centroids using the layer-averaged Euclidean 310

distance. For two matrices A,B ∈ RL×D with 311

row vectors al,bl ∈ RD (the l-th layer representa- 312

tions), define 313

d(A,B) =
1

L

L∑
l=1

∥∥al − bl

∥∥
2
. (4) 314
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Compute dsucc = d(∆hnew,Vsucc) and dfail =315

d(∆hnew,Vfail), and classify as316

ŷnew =

{
1, if dsucc < dfail,

0, otherwise.
317

This rule matches the high-level description in Fig-318

ure 2 and requires no gradient-based optimization.319

3.4 Application to Solution Reranking320

The geometric formulation provides a continuous321

quality score that is naturally suited for reranking.322

Given a prompt P and k responses {R1, . . . , Rk},323

form trajectories {T1, . . . , Tk} and their activation324

deltas {∆h1, . . . ,∆hk}. Define for each candidate325

sj = d
(
∆hj ,Vsucc

)
, (lower is better) (5)326

and rank candidates in ascending order of sj . This327

ranking can be used for top-1 selection or to im-328

prove aggregation schemes such as majority vote329

by prioritizing candidates whose internal reasoning330

is closest to the success centroid.331

3.5 Rationale for a Minimalist,332

Experience-Based Design333

CLUE is intentionally minimalist to isolate the con-334

tribution of the representation itself. If a simple,335

training-free geometric rule over activation-delta336

summaries yields strong verification performance,337

this provides evidence that hidden states encode a338

robust correctness signal. This framing also helps339

interpret negative results: when CLUE fails, the340

limitation is often that the underlying representa-341

tion does not cleanly support correctness separation342

for that setting, rather than an artifact of optimizer343

choice or judge overfitting.344

Why might separability exist at all? We of-345

fer an empirically grounded (though not fully for-346

mal) explanation consistent with modern training347

paradigms. For verifiable tasks, reinforcement348

learning with outcome-based rewards creates re-349

peated contrast between successful and failed inter-350

nal trajectories. Such contrastive pressure encour-351

ages the model to represent “solution-consistent”352

versus “solution-inconsistent” intermediate states353

differently, making downstream distinctions more354

linearly accessible in deep layers (as we observe355

in §4, layer-wise analysis). Supervised fine-tuning,356

by comparison, predominantly imitates correct357

traces and provides much weaker negative feed-358

back, which can leave “wrongness” underrepre-359

sented in the internal geometry. This hypothesis360

is consistent with our cross-model results showing 361

RL-tuned models acting as stronger verifiers. 362

4 Experiments 363

To rigorously evaluate the effectiveness of our 364

non-parametric, hidden-state-based verifier, we 365

designed a series of experiments targeting both 366

in-domain mathematical reasoning and out-of- 367

distribution general reasoning tasks. Our evalu- 368

ation is structured around two primary objectives: 369

first, to assess the raw classification accuracy of 370

our method in distinguishing correct from incorrect 371

solutions, and second, to measure its ability to im- 372

prove overall reasoning performance by reranking 373

multiple candidate solutions. 374

4.1 Datasets and Model Configuration 375

Our methodology relies on an experience set to 376

define geometric reference points for successful 377

and failed reasoning. We construct the experience 378

set from two standard mathematical benchmarks: 379

AIME 1983–2023 (Veeraboina, 2023) and MATH 380

(Hendrycks et al., 2021) (levels 3–5). For evalua- 381

tion, we report in-domain results on AIME 2024 382

and AIME 2025, and out-of-domain generalization 383

on GPQA (Rein et al., 2024), which tests graduate- 384

level scientific reasoning beyond mathematics. 385

We evaluate three reasoning models spanning 386

scales: Nemotron-Research-Reasoning-Qwen- 387

1.5B (Liu et al., 2025), Polaris-4B (An et al., 2025), 388

and DeepSeek-R1-0528-Qwen3-8B (Guo et al., 389

2025a). To study sensitivity to reasoning budget, 390

we vary the maximum generation length (16k, 32k, 391

64k tokens) when applicable. Unless otherwise 392

noted, we follow each model’s recommended infer- 393

ence settings (e.g., temperature and system prompt) 394

from its Hugging Face release. 395

We build the experience set separately for each 396

reasoner model. For each problem in the AIME 397

and MATH pools, we sample 32 solutions from 398

that model and label each solution with a deter- 399

ministic verifier when available (e.g., exact-answer 400

checking for AIME/MATH). We then subsample a 401

balanced set of 10,000 correct and 10,000 incorrect 402

trajectories to compute the success and failure cen- 403

troids for that model. For evaluation, we generate 404

64 candidate solutions per test problem. 405

4.2 Evaluation Setups and Baselines 406

We evaluate our method, which we refer to as 407

CLUE, across two distinct experimental setups. 408
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Table 1: Binary classification performance of different verifiers on solutions generated by Nemotron-1.5B and
Polaris-4B. Our method (CLUE) is compared against an LLM-as-a-judge baseline. We report overall Accuracy,
True Positive Rate (TPR), and True Negative Rate (TNR).

Nemotron-1.5B Solutions Polaris-4B Solutions

Verifier Method Accuracy (%) TPR (%) TNR (%) Accuracy (%) TPR (%) TNR (%)

Test Set: AIME 2024
CLUE (Ours) 80.9 72.9 87.4 81.1 89.5 51.3
GPT-4o (Answer Only) 58.6 57.2 59.7 80.1 84.3 63.1
GPT-4o (Full Trace) 47.5 45.8 48.2 64.3 70.9 50.2

Test Set: AIME 2025
CLUE (Ours) 85.2 82.9 86.4 77.7 80.7 70.1
GPT-4o (Answer Only) 59.2 60.8 58.3 73.0 85.1 34.4
GPT-4o (Full Trace) 47.1 48.6 46.7 59.3 69.8 27.6

The first setup frames the task as a binary classi-409

fication problem to directly measure the verifier’s410

accuracy. For each of the 64 sampled solutions on411

the test sets, our CLUE method predicts a label of412

correct or incorrect based on whether the solution’s413

activation delta is closer to the success or failure414

centroid. Labels are obtained from a rule-based ver-415

ification signal when available (e.g., deterministic416

checking), and otherwise from reference-assisted417

verification (as described for WebInstruct in §4).418

LLM-as-a-judge baseline. To ground compar-419

ison against a strong, widely used judge, we use420

GPT-4o (Hurst et al., 2024) in an LLM-as-a-judge421

capacity. We evaluate the judge in two settings to422

control for the information it can access: one where423

the full solution, including the entire <think>424

block, is provided, and another where only the425

final answer (post-</think>) is provided. Impor-426

tantly, we use a fixed, explicit scoring prompt (re-427

ported verbatim in Appendix B) and deterministic428

decoding (T=0) to make the baseline as strong and429

reproducible as possible.430

On baseline coverage. There is a large liter-431

ature on learned and prompt-engineered judges432

(e.g., fine-tuned reward models, pairwise prefer-433

ence judges, and specialized LLM-judge prompt-434

ing recipes). Incorporating every SOTA judge vari-435

ant would require additional training and extensive436

prompt sweeps. Our intent here is more targeted:437

to test whether a frozen model’s hidden states al-438

ready contain a robust correctness signal that can439

be extracted by a low-capacity, non-parametric rule.440

We therefore include GPT-4o as a representative441

strong external judge and DeepConf as a represen-442

tative confidence-based reranker, and position more443

exhaustive judge comparisons as future work.444

Metrics. Because the positive/negative ratio can 445

vary substantially with the underlying reasoner (es- 446

pecially when evaluating 64 samples per problem), 447

we report Accuracy along with TPR/TNR to ex- 448

pose optimistic or pessimistic biases. We note that 449

Matthews Correlation Coefficient (MCC) is also 450

appropriate under class imbalance; reporting MCC 451

requires the full confusion matrix counts, which 452

we plan to release alongside code. 453

The second setup evaluates the practical impact 454

of our method on improving final reasoning accu- 455

racy through reranking. Here, for each test prob- 456

lem, we use CLUE to rerank the 64 generated so- 457

lutions. The ranking criterion is the Euclidean dis- 458

tance of a solution’s activation delta to the suc- 459

cess centroid, with smaller distances indicating 460

higher quality. We report our performance using 461

several metrics: top@1, the accuracy of the single 462

best-ranked solution; and top-maj@k, the accu- 463

racy achieved by performing majority voting on 464

the answers from the top-k ranked solutions, for 465

k ∈ {4, 8, 16}. We compare these results against 466

a suite of standard and state-of-the-art baselines. 467

These include mean@64, which measures the av- 468

erage accuracy of a single randomly sampled solu- 469

tion; majority@64, the accuracy of standard ma- 470

jority voting over all 64 samples; DeepConf@64 471

(Fu et al., 2025b), a recent and competitive method 472

that uses model confidence scores for reranking; 473

and pass@64, which represents the oracle upper 474

bound, indicating whether at least one correct an- 475

swer exists among the 64 samples. 476

4.3 Classification Performance 477

We first evaluate our method, CLUE, on its core ca- 478

pability: accurately classifying individual solutions 479

as either correct or incorrect. Table 1 presents the 480
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Table 2: Reasoning accuracy on AIME and GPQA test sets after reranking 64 candidate solutions. Results are
presented as percentages (%). ‘mean@64‘ represents the average accuracy of a single sample, while ‘pass@64‘ is
the oracle upper bound.

Nemotron-1.5B Polaris-4B DeepSeek-8B

Metric AIME 24 AIME 25 GPQA AIME 24 AIME 25 GPQA AIME 24 AIME 25 GPQA

Baselines
mean@64 45.0 35.0 41.9 79.2 75.4 55.2 87.1 75.8 54.86
majority@64 56.7 36.7 44.4 80.0 80.0 56.6 90.0 83.3 61.11
DeepConf@64 56.7 30.0 40.2 80.0 73.3 55.7 93.3 86.7 62.12
pass@64 (Oracle) 76.7 63.3 83.8 86.7 90.0 88.4 93.3 93.3 94.85

CLUE Reranking (Ours)
top@1 66.7 40.0 46.5 83.3 76.7 52.5 90.0 83.3 56.57
top-maj@4 70.0 40.0 43.9 83.3 76.7 57.1 90.0 86.7 61.62
top-maj@8 70.0 40.0 47.0 80.0 80.0 58.1 93.3 86.7 61.11
top-maj@16 70.0 43.3 44.4 80.0 83.3 59.6 93.3 86.7 62.63

performance of our verifier compared to a strong481

LLM-as-a-judge baseline (GPT-4o) on solutions482

generated by both a smaller model (Nemotron-483

1.5B) and a more capable one (Polaris-4B). We484

report overall accuracy, as well as the True Positive485

Rate (TPR), which measures the ability to correctly486

identify successful solutions, and the True Neg-487

ative Rate (TNR), which measures the ability to488

correctly identify failed solutions.489

Beyond in-domain math classification, we also490

report an out-of-domain classification evaluation491

on the multi-domain WebInstruct-verified bench-492

mark (Table 3), where correctness is grounded by493

reference answers. This directly addresses whether494

the same hidden-state signal transfers to heteroge-495

neous, non-mathematical reasoning.496

The results show that CLUE provides a consis-497

tent advantage over the LLM-as-a-judge baseline.498

A notable pattern is that the judge tends to be opti-499

mistic, often labeling incorrect solutions as correct;500

this is reflected by low True Negative Rates (e.g.,501

34.4% on Polaris-4B solutions for AIME 2025).502

This optimism also explains why the judge can503

appear stronger when the underlying reasoner is504

stronger: as the fraction of correct samples in-505

creases, high TPR contributes more to accuracy506

while the judge’s weakness on negatives matters507

less. In contrast, CLUE is more balanced across508

models, maintaining high TNR on weaker reason-509

ers (filtering abundant failures) while retaining high510

TPR on stronger ones.511

4.4 Reranking for Enhanced Reasoning512

Accuracy513

Moving beyond binary classification, we evaluate514

CLUE as a reranking tool. By scoring and reorder-515

ing 64 candidate solutions per problem, CLUE con- 516

sistently improves over majority voting on both 517

in-domain AIME and out-of-domain GPQA (Ta- 518

ble 2). For instance, with Nemotron-1.5B on AIME 519

24, top-maj@16 reaches 70.0% versus 56.7% for 520

majority@64. In several settings, top@1 also sur- 521

passes majority voting, indicating that distance to 522

the success centroid is a useful selection signal. 523

The advantage extends to general reasoning: on 524

GPQA, Polaris-4B reaches 59.6% with CLUE ver- 525

sus 56.6% with majority voting. Compared with 526

the confidence-based baseline DeepConf, CLUE is 527

more robust across model scales: while both meth- 528

ods perform strongly on DeepSeek-8B, DeepConf 529

degrades substantially on weaker models (often 530

below majority voting), whereas CLUE maintains 531

gains, consistent with confidence miscalibration 532

being more pronounced at smaller scales. 533

4.5 Generalization and the Influence of 534

Training Paradigms 535

We next examine CLUE’s behavior across training 536

paradigms and models. We hypothesize that the ge- 537

ometric separability of success and failure depends 538

on training methodology, in particular the contrast 539

between Supervised Fine-Tuning (SFT) and Rein- 540

forcement Learning (RL). We evaluate four models: 541

two SFT/distillation-based (Deepseek-7B (Guo 542

et al., 2025a), Qwen3-4B (Yang et al., 2025a)) and 543

two RL-tuned (Nemotron-1.5B, Polaris-4B). In 544

a cross-model setup, trajectories generated by one 545

model are scored using the centroids and hidden 546

states of another, enabling both self- and cross- 547

verification tests. 548

As shown in Figure 3, SFT models strug- 549

gle: their self-reranking (“top-maj@16”) barely 550
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Figure 3: Cross-model reranking performance on AIME 24. RL-trained models (Nemotron-1.5B, Polaris-4B) are
effective at self-verification and often act as stronger verifiers for trajectories generated by SFT-trained models
(Deepseek-7B, Qwen3-4B).

matches or even lags the “majority@64” baseline,551

indicating weak internal separation of correctness.552

By contrast, RL models act as strong verifiers even553

across models: Nemotron-1.5B boosts Deepseek-554

7B’s accuracy to 80.0% (vs 76.7% baseline), and555

Polaris-4B lifts Qwen3-4B’s outputs to 83.3% (vs556

80.0% self-rerank).557

We attribute this gap to training signals. SFT558

predominantly imitates correct traces and provides559

limited direct feedback on failure modes. RL with560

rewards, in contrast, supplies repeated outcome-561

based contrast between success and failure, which562

can encourage a clearer internal separation.563

4.6 Generalization to Diverse,564

Non-Mathematical Reasoning565

To test CLUE’s generalization beyond mathematics,566

we evaluate on the diverse WebInstruct-verified567

benchmark, spanning physics, law, finance, and568

the humanities. We build centroids from 5k train-569

ing questions (with generated solutions) and eval-570

uate on 1k test questions. Because deterministic571

checkers are unavailable, we obtain binary labels572

via reference-assisted verification: an evaluator573

(GPT-4o) is provided the reference answer to judge574

whether the candidate solution is correct. We use575

GPT-4o without reference access as the LLM-as-576

a-judge baseline. Since the same evaluator family577

is involved in both labeling and the judge baseline578

(albeit with different information access), these la-579

bels should be viewed as a pragmatic proxy rather580

than an independent ground-truth signal.581

As shown in Table 3, CLUE outperforms GPT-582

4o across both 1.5B and 4B models. On the 1.5B583

model, CLUE reaches 60.4% accuracy versus GPT-584

4o’s 54.0%. For the 4B model, the judge accuracy585

drops to 48.1%, while CLUE reaches 59.2%.586

These results suggest that hidden-state geometry587

can provide a useful correctness signal even outside588

Table 3: Binary classification performance on the
general-purpose WebInstruct-verified dataset. We com-
pare CLUE’s accuracy against a GPT-4o judge on solu-
tions generated by 1.5B and 4B models. The centroids
for CLUE were computed using the WebInstruct (Ma
et al., 2025) training set.

Reasoner Model

Verifier Method Nemotron-1.5B Polaris-4B

CLUE (Ours) 60.4% 59.2%
GPT-4o 54.0% 48.1%

mathematics. Compared with surface-level textual 589

judgments, which can be brittle in heterogeneous 590

domains, CLUE leverages internal representations 591

that appear more stable under distribution shift. 592

5 Conclusion 593

In this work, we investigate hidden states as a 594

source of signal for correctness verification. We 595

introduce CLUE, a training-free, experience-based 596

verifier that summarizes each reasoning trace by an 597

activation delta and performs nearest-centroid clas- 598

sification in hidden-state space. Across math, scien- 599

tific QA, and a general-domain benchmark, CLUE 600

improves verification and reranking compared with 601

representative text-based and confidence-based 602

baselines, with particularly strong gains on smaller 603

or less-calibrated models. We further observe that 604

RL-tuned reasoning models tend to exhibit clearer 605

separation between successful and failed trajecto- 606

ries than SFT counterparts, suggesting that train- 607

ing paradigms can influence the geometry relevant 608

to verification. An important direction for future 609

work is to better characterize when and why such 610

separability emerges, and how to design training 611

objectives that improve verifier reliability in less 612

strictly verifiable settings. 613
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Limitations. CLUE relies on a supervision sig-614

nal that can assign reliable success/failure labels to615

trajectories (e.g., exact match, deterministic check-616

ers, or reference-grounded verification). In settings617

where factuality is inherently subjective or the no-618

tion of correctness is blurry, one may need pref-619

erence labels or pairwise comparisons rather than620

binary correctness; we treat such settings as out621

of scope for the current study. Practically, CLUE622

also depends on an experience set: performance623

may vary with the quantity and diversity of labeled624

trajectories, and we discuss these design choices in625

§4. When deterministic checkers are unavailable626

and labels are produced by reference-assisted LLM627

evaluation, verification quality is naturally bounded628

by evaluator noise; we therefore treat such labels629

as a proxy rather than error-free ground truth.630
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A Algorithmic Details823

For completeness, we provide pseudocode for the824

two phases of CLUE: the one-time centroid aggre-825

gation (Algorithm 1) and the inference-time ver-826

ification (Algorithm 2). Both phases operate on827

activation-delta matrices (§3.2) and use the layer-828

averaged Euclidean distance in Eq. (4). The under-829

lying LLM remains frozen throughout.830

Algorithm 1 constructs the reference centroids831

from a labeled set of trajectories. We first parti-832

tion the dataset by ground-truth labels. For each833

trajectory, we extract the hidden-state matrices834

at the boundaries of the explicit reasoning block835

(<think> and </think>) and compute the activa-836

tion delta ∆hi ∈ RL×D via Eq. (1). We then com-837

pute the element-wise mean within each class to838

obtain the success and failure centroid matrices839

Vsucc and Vfail (Eq. (3)), which serve as geometric840

references during inference.841

Algorithm 1 Constructing CLUE Centroids (Learn-
ing Phase)

Require: Labeled dataset D = {(Ti, yi)}Ni=1

1: Initialize empty listsHsucc, Hfail
2: Define index sets Isucc = { i | yi = 1 }, Ifail =
{ i | yi = 0 }

3: for each i ∈ Isucc do
4: Extract hstart,i ∈ RL×D and hend,i ∈

RL×D

5: Compute ∆hi ← hend,i − hstart,i (Eq. 1)
6: Append ∆hi toHsucc
7: end for
8: for each i ∈ Ifail do
9: Extract hstart,i and hend,i

10: Compute ∆hi ← hend,i − hstart,i
11: Append ∆hi toHfail
12: end for
13: Vsucc ← mean(Hsucc) (Eq. 3)
14: Vfail ← mean(Hfail) (Eq. 3)
15: return Vsucc, Vfail

B LLM-as-a-Judge Prompt842

To make the GPT-4o baseline reproducible and as843

strong as possible without prompt sweeping, we844

use a fixed, explicit rubric-style prompt and deter-845

ministic decoding (T=0). We provide it verbatim846

below.847

You are a strict verifier for reasoning problems.848
You will be given a problem and a candidate so-849
lution. Your job is to decide whether the final850
answer is correct.851

Instructions: 1) Focus on mathematical/logical 852
correctness, not writing style. 2) If the final an- 853
swer is missing, ambiguous, or does not follow 854
from the reasoning, mark it INCORRECT. 3) If 855
any step contains a clear logical or arithmetic 856
error that invalidates the final answer, mark it IN- 857
CORRECT. 4) If the reasoning is incomplete but 858
the final answer is clearly correct and consistent 859
with the problem, you may mark it CORRECT. 5) 860
Output ONLY one token: CORRECT or INCOR- 861
RECT. 862

Problem: {PROBLEM} 863

Candidate solution: {SOLUTION} 864

For the “Answer Only” setting, we set {SOLUTION} 865

to the text after </think>. For the “Full Trace” set- 866

ting, we include the entire model output (including 867

the <think> block). 868

C Experience Set Construction and 869

Hyperparameters 870

Our verifier depends on a labeled experience set 871

and a small number of practical design choices. We 872

briefly justify them here. 873

• Experience set size and balance. We use a 874

balanced set (equal numbers of successes and 875

failures) to avoid trivial centroid shifts driven 876

by class frequency. Increasing the size primar- 877

ily reduces centroid estimation noise; dimin- 878

ishing returns are expected once the centroids 879

stabilize under additional samples. 880

• Rollouts per prompt. More rollouts increase 881

diversity of trajectories (including near-miss 882

failures), which can sharpen the boundary be- 883

tween success/failure prototypes. However, 884

they also increase compute and may introduce 885

many redundant trajectories; our setting is cho- 886

sen as a practical trade-off. 887

• Layer aggregation. Our layer-wise analysis 888

shows stronger separability in deeper layers, 889

but we aggregate across layers to reduce sensi- 890

tivity to idiosyncrasies of any single layer and 891

to make the verifier more stable across archi- 892

tectures and training paradigms. A thorough 893

ablation over layer subsets is left for future 894

work. 895

Algorithm 2 describes the inference procedure. 896

Given a new trajectory Tnew, we compute its acti- 897

vation delta ∆hnew as in Eq. (1), measure its dis- 898

tances to the two centroid matrices using Eq. (4), 899

and decide by nearest centroid. 900
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Algorithm 2 Verification with CLUE (Inference
Phase)
Require: New trajectory Tnew; centroids

Vsucc, Vfail
1: Extract hstart,new and hend,new from Tnew
2: Compute ∆hnew ← hend,new−hstart,new (Eq. 1)
3: dsucc ← d(∆hnew, Vsucc) (Eq. 4)
4: dfail ← d(∆hnew, Vfail) (Eq. 4)
5: if dsucc < dfail then
6: return 1 ▷ classified as correct
7: else
8: return 0 ▷ classified as incorrect
9: end if

C.1 Layer-wise Separability Analysis901

Next, we analyze the layer-wise structure of902

activation-delta matrices to visualize and quantify903

how class separability emerges from shallow to904

deep layers.905

Visualization. We project layer-specific activa-906

tion deltas onto two principal components via PCA.907

For a trajectory i and layer ℓ, let ∆h
(ℓ)
i ∈ RD908

denote the ℓ-th row of ∆hi ∈ RL×D. We select909

representative shallow, middle, and final layers, ap-910

ply PCA to {∆h
(ℓ)
i }, and plot the resulting 2D911

projections for successes and failures. As shown912

in the first three columns of each row in Figure 4,913

the classes are largely overlapping in shallow lay-914

ers, begin to separate in middle layers, and form915

compact, well-defined clusters in the final layers.916

Quantification. Let Isucc and Ifail be the index917

sets defined in §3.3. For each layer ℓ ∈ {1, . . . , L},918

we compute layer-wise centroid by averaging the919

corresponding rows of the activation-delta matri-920

ces:921

V
(ℓ)
succ =

1

|Isucc|
∑

i∈Isucc

∆h
(ℓ)
i ∈ RD, (6)922

923

V
(ℓ)
fail =

1

|Ifail|
∑
i∈Ifail

∆h
(ℓ)
i ∈ RD. (7)924

We then measure the Euclidean distance between925

the two centroids at layer ℓ:926

d(ℓ) =
∥∥V(ℓ)

succ −V
(ℓ)
fail

∥∥
2
. (8)927

The rightmost panels of Figure 4 plot d(ℓ) across928

layers. We observe a consistent upward trend, with929

the distance typically peaking in the final layers,930

aligning with the PCA visualizations and indicating931

that deeper representations encode more explicit932

and separable correctness signals.933

D Additional Ablation Studies 934

To validate the specific design choices of our CLUE 935

methodology, we conducted a series of ablation 936

studies. Our goal was to isolate the contributions 937

of two key components: 1) the use of hidden states 938

from all layers of the model, and 2) the computation 939

of an activation delta (hend − hstart) rather than 940

using an absolute state vector. We evaluated three 941

alternative configurations against our full method 942

in Figure 5: 943

• First Layer Only: Using only the hidden 944

states from the first transformer layer. 945

• Last Layer Only: Using only the hidden 946

states from the final transformer layer. 947

• Final State Only: Using only the absolute 948

hidden state vector at the end of the reasoning 949

block (hend), without subtracting the baseline 950

state. 951

The results of our ablation study confirm that 952

each component of the CLUE verifier contributes 953

to its overall effectiveness. The most significant 954

finding is the critical role of network depth. Us- 955

ing only the First Layer Only leads to a dramatic 956

performance collapse across all settings, indicat- 957

ing that the shallow, near-embedding layers of the 958

model do not contain sufficiently abstract or sep- 959

arable representations to distinguish correct from 960

incorrect reasoning. Conversely, the Last Layer 961

Only variant performs remarkably well, achieving 962

accuracy that is only marginally lower than our full 963

method and even matching it in some cases. This 964

demonstrates that the deepest layers of the model 965

are the primary locus of the high-level reasoning 966

signals we are leveraging. Finally, the Final State 967

Only experiment highlights the benefit of our delta 968

computation. While still a strong performer, re- 969

moving the subtraction of the baseline state results 970

in a noticeable performance degradation compared 971

to the full CLUE approach. 972

In summary, these ablations validate our method- 973

ology: the discriminative signal is strongest in deep 974

layers, but leveraging the full stack of layers and 975

calculating the activation delta are both important 976

for achieving optimal performance. 977
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Figure 4: Layer-wise separability. Each row shows PCA projections from a shallow, a middle, and the final layer,
plus a curve of the centroid distance d(ℓ) across all layers. The centroid-distance curve increases with ℓ, indicating
stronger correctness signals at deeper layers.
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Figure 5: Ablation study results showing the ‘top-maj@16‘ reasoning accuracy across different model and dataset
configurations.
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