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Abstract001

Large language models (LLMs) frequently ex-002
hibit a dissociation between their internal con-003
fidence and actual reasoning competence. We004
investigate the mechanistic origin of this phe-005
nomenon by analyzing the geometry of resid-006
ual stream activations across two phases: pre-007
generative assessment and solution execution.008
Using linear probing and principal component009
analysis across three model families (Llama,010
Qwen, Mistral), we identify two distinct geo-011
metric structures: a high-dimensional Assess-012
ment Subspace that encodes solvability beliefs,013
and a low-dimensional Execution Subspace014
that governs reasoning dynamics. While the be-015
lief state is robustly decodable during prompt016
processing, we observe a sharp dimensionality017
shift at the onset of generation, where the ac-018
tive variance transitions to the low-dimensional019
execution manifold. We validate this decou-020
pling through causal intervention: steering vec-021
tors applied to the assessment subspace in-022
duce a decisive shift in the internal belief state023
(∆ > 0.8), yet fail to alter downstream reason-024
ing accuracy. Crucially, this inertness persists025
even on “borderline” tasks where the model026
possesses the requisite capability to solve the027
problem. These findings suggest a modular ar-028
chitecture where high-level assessment states029
are geometrically orthogonal to the procedural030
dynamics of execution, explaining why increas-031
ing internal confidence does not translate to032
improved competence.033

1 Introduction034

A critical challenge in the deployment of Large035

Language Models (LLMs) (Grattafiori et al., 2024;036

Jiang et al., 2023; Qwen et al., 2025) is their ten-037

dency to generate fluent, persuasive responses that038

are factually incorrect, often while maintaining039

high internal confidence (Maharana et al., 2025;040

Xiong et al., 2023; Ren et al., 2023). This dis-041

sociation between apparent confidence and actual042

competence poses a fundamental reliability prob- 043

lem for applications requiring rigorous reasoning, 044

such as scientific discovery and medical diagnos- 045

tics. While prior research has documented this 046

confidence-competence gap behaviorally (Singh 047

et al., 2023) and noted the inconsistency of inter- 048

ventional methods (Tan et al., 2025; Braun et al., 049

2025), the mechanistic origin of this phenomenon 050

remains unresolved (See Appendix A for related 051

works). This paper addresses why a model’s inter- 052

nal assessment of a problem appears functionally 053

decoupled from its subsequent reasoning process, 054

providing a characterization based on the geometry 055

of internal representations. 056

A prevailing hypothesis in mechanistic inter- 057

pretability suggests that identifying the neural rep- 058

resentation of a model’s “solvability belief” could 059

allow for the direct control of its competence 060

(Marks and Tegmark, 2024a; Dunefsky and Cohan, 061

2025). However, testing this hypothesis requires 062

rigorous experimental control to isolate the seman- 063

tic signal of belief from the high-dimensional noise 064

of surface-level heuristics. We employ a controlled 065

framework using length-balanced datasets of non- 066

trivial reasoning problems across multiple model 067

families (Qwen-2.5 (Qwen et al., 2025), Gemma-3 068

(Team et al., 2025), Mistral (Jiang et al., 2023)). By 069

neutralizing confounding variables such as prompt 070

length and lexical cues, we ensure that our probes 071

capture a robust semantic representation of solv- 072

ability rather than superficial correlates. 073

Our investigation proceeds in three stages. First, 074

we identify a latent Belief state—an internal, pre- 075

generative assessment of task solvability. Using lin- 076

ear probes and Centered Kernel Alignment (CKA) 077

(Kornblith et al., 2019b; Zhou et al., 2024; Murphy 078

et al., 2024), we demonstrate that this assessment 079

is robustly and linearly encoded across diverse do- 080

mains, including mathematics, coding, and logic. 081

Second, we subject this state to a causal test. We in- 082

tervene using targeted steering vectors to decisively 083
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invert the model’s internal belief from unsolvable084

to solvable (inducing a belief shift of ∆ > 0.8)085

(Li et al., 2023a; Rimsky et al., 2023; Lee et al.,086

2024; Turner et al., 2023). We find that despite this087

significant internal shift, downstream reasoning ac-088

curacy remains statistically unchanged. Finally,089

to explain this functional decoupling, we analyze090

the geometry of the activation space. Using prin-091

cipal component analysis, we identify a distinct092

geometric transition (Park et al., 2023; Marks and093

Tegmark, 2023; Balestriero et al., 2023; Konen094

et al., 2024) between the high-dimensional mani-095

fold of the Assessment Subspace (belief) and the096

low-dimensional manifold of the Execution Sub-097

space (competence). We show that the transition098

between these phases involves a sharp dimension-099

ality shift at the onset of generation, effectively100

isolating the initial assessment from the procedural101

dynamics of execution.102

The identification of this dual-subspace archi-103

tecture suggests a recalibration of strategies for104

AI reliability and safety. The implications of our105

findings are summarized as follows:106

❶ Limits of Confidence Steering: Increasing a107

model’s internal confidence does not mecha-108

nistically translate to improved reasoning reli-109

ability. The geometric orthogonality between110

assessment and execution indicates that be-111

lief states are not actionable control levers for112

procedural tasks.113

❷ Focus on Procedural Dynamics: Address-114

ing reasoning failures requires moving beyond115

high-level interventions on abstract traits (like116

“honesty”) to methods that directly target the117

low-dimensional dynamics of the execution118

subspace.119

❸ Mechanistic Auditing: Conventional bench-120

marks focused solely on final answers provide121

an incomplete evaluation of model reliability.122

Future evaluations should independently audit123

the fidelity of the Assessment System and the124

robustness of the Execution System.125

❹ Resource Allocation: While the Assessment126

signal is inert for control, it remains predictive.127

This offers a pathway for efficient AI, where128

early signals from the Assessment Subspace129

can trigger dynamic compute allocation or130

early exiting when the model predicts a high131

likelihood of failure.132

2 Setup 133

To ensure our findings reflect general principles 134

of LLM architecture rather than idiosyncratic 135

model behaviors, we evaluate a diverse panel of 136

instruction-tuned models from distinct organiza- 137

tions: Qwen 2.5 7B (Qwen et al., 2025), Llama 138

3.2 3B (Grattafiori et al., 2024), and Mistral Small 139

24B (Jiang et al., 2023). This selection allows us 140

to validate the observed decoupling across varying 141

parameter scales and design philosophies. 142

We subject these models to a suite of reasoning 143

tasks spanning three distinct cognitive domains: 144

(i) Numerical Reasoning (GSM8K (Cobbe et al., 145

2021), Math-Hard (Hendrycks et al., 2021), Open- 146

R1 Math (Zhao et al., 2025)), (ii) Formal Logi- 147

cal Deduction (Knights and Knaves (Xie et al., 148

2024)), and (iii) Algorithmic Planning (Open R1 149

Coding (Zhao et al., 2025), QWQ-Planning (Hook, 150

2025)). This broad task coverage ensures that the 151

dissociation between assessment and execution is 152

a fundamental property of the models’ reasoning 153

processes rather than an artifact of a specific do- 154

main. To maintain methodological control, we also 155

include a suite of trivial, non-reasoning Control 156

Tasks (e.g., verbatim copying and rote sequence 157

retrieval) to establish baseline dimensionality met- 158

rics. All experiments were performed on a com- 159

pute cluster of three NVIDIA A6000 GPUs; see 160

Appendix C.2.1 for comprehensive dataset descrip- 161

tions, prompt templates, and hardware specifica- 162

tions. 163

3 The Anatomy of Belief 164

We begin by investigating the existence of a la- 165

tent assessment state prior to response generation. 166

Specifically, we examine whether the internal repre- 167

sentations at the final token of the prompt encode a 168

linearly decodable signal predictive of task success. 169

To isolate this “solvability belief” from surface- 170

level confounds, we employ a controlled data cura- 171

tion protocol designed to ensure that the decoded 172

signal reflects a semantic assessment rather than 173

heuristic artifacts. 174

3.1 A Protocol for Confound-Resistant Data 175

Curation 176

To isolate the semantic signal of solvability be- 177

lief from spurious surface-level heuristics (Lysnæs- 178

Larsen et al., 2025; Kumar et al., 2022), we imple- 179

ment a multi-stage filtering protocol on an initial 180

corpus of 3,000 mathematical reasoning problems. 181
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Figure 1: Linear Decodability of the Belief State. Probe accuracy across network layers for three model families
(Left to Right: Qwen 2.5 7B, Llama 3.2 3B, Mistral Small 24B). Despite the increased expressive capacity of
non-linear probes (SVC, XGBoost, MLP), they fail to outperform the linear baseline (Logistic Regression). This
structural equivalence indicates that the solvability belief is encoded as a linear direction within the residual stream,
emerging robustly in the mid-to-late layers.

This protocol sequentially (i) excludes structural182

format heuristics and keyword indicators that may183

signal task type, (ii) utilizes stratified topic balanc-184

ing to ensure an identical distribution of reason-185

ing sub-domains across classes, and (iii) performs186

distribution matching to neutralize prompt length187

as a confounding variable. The resulting curated188

dataset consists of 846 examples where token count189

distributions between the “solved” and “unsolved”190

classes are statistically indistinguishable (p > 0.4).191

By mathematically neutralizing these primary cor-192

relates, we ensure that the subsequent linear probes193

identify a latent semantic assessment state rather194

than superficial input artifacts; see Appendix C.3.1195

for the complete curation protocol and representa-196

tive examples.197

3.2 Isolating and Characterizing the Latent198

Belief State199

Consistent with probing protocols established for200

autoregressive models (Tillman and Mossing, 2025;201

Kantamneni et al., 2025; Yan, 2025), we isolate202

the pre-generative assessment state by extracting203

hidden representations at the final token of the in-204

put prompt. This locus captures the model’s fully205

contextualized representation of the problem im-206

mediately prior to the onset of the reasoning chain.207

To characterize the geometry of this representation,208

we investigate whether the solvability signal is en-209

coded via a linear subspace or a complex non-linear210

manifold.211

We address this by comparing the decoding per-212

formance of a linear probe against a hierarchy213

of non-linear classifiers. Specifically, we train a214

Logistic Regression probe to test for linear sep-215

arability, and compare its performance to three216

non-linear baselines: a Support Vector Classifier217

with an RBF kernel, an XGBoost classifier, and218

a 2-Layer MLP (hyperparameters detailed in Ap-219

pendix C.4.1). This comparative framework serves 220

as a controlled test of representational complexity: 221

if the belief state relies on complex feature inter- 222

actions, the non-linear models should significantly 223

outperform the linear baseline. 224

The decoding results, presented in Figure 1, re- 225

veal two structural properties of the belief state. 226

First, solvability is robustly decodable, with accu- 227

racy peaking between 70-75% in the mid-to-late 228

layers across all model families. Second, the sig- 229

nal is fundamentally linear. As shown in Figure 1, 230

the capacity-rich non-linear probes yield no statis- 231

tically significant performance improvement over 232

the simple logistic regression model. This indicates 233

that the information regarding task solvability is 234

accessible via a linear readout (see Appendix D.1). 235

A sample complexity analysis confirms that the 236

solvability signal follows a non-linear emergence 237

pattern, ruling out surface-level artifacts (Appendix 238

E, Figure 7) 239

Formally, let H ⊂ Rd denote the hidden state 240

space at a given layer. For a problem i, let hi ∈ H 241

be its activation vector and yi ∈ {0, 1} its ground- 242

truth solvability label. The equivalence in perfor- 243

mance between linear and non-linear probes im- 244

plies the existence of a specific direction dsolv ∈ Rd 245

and bias b such that the probability of success is 246

approximated by: 247

P (yi = 1|hi) ≈ σ(hi · dsolv + b) (1) 248

While the signal is linearly separable, the imperfect 249

accuracy (∼ 75%) suggests that the projected distri- 250

butions P (hi ·dsolv|yi = 1) and P (hi ·dsolv|yi = 0) 251

maintain non-trivial overlap. This characterizes the 252

belief state as a linear direction embedded within 253

a high-dimensional, noisy manifold, rather than a 254

perfectly disentangled feature. 255
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Figure 2: Geometric Coherence and Dissimilarity of Belief States. Using Centered Kernel Alignment (CKA), we
compare the representational geometry of belief states. (Left & Right) The high self-similarity along the diagonals
confirms that both “Solved” and “Unsolved” states are internally coherent, geometrically stable representations
across layers. (Center) In stark contrast, the cross-comparison reveals a profound geometric dissimilarity, with
near-zero CKA scores between the two states. This provides strong evidence that the model represents belief not as
a single continuum, but as two distinct and fundamentally separate geometric objects.

Table 1: Probe Accuracy by Token Position. We trained our suite of probes on activations extracted from different
positions within the input prompt to identify the locus of the pre-generative belief signal. Accuracy is reported on
the held-out test set of our length-controlled math dataset. For all probe architectures, performance consistently
and decisively peaks at the Last Input Token (‘t_question_end‘), indicating that the model’s solvability belief
crystallizes at the moment it has finished processing the full problem context.

Activation Locus Logistic Reg. SVC XGBoost MLP

10% of Prompt 54.2% ± 2.1 55.1% ± 2.3 53.8% ± 2.5 52.9% ± 2.8
50% of Prompt 65.1% ± 1.8 66.3% ± 1.9 65.9% ± 2.0 66.8% ± 2.1

Last Input Token 74.4% ± 1.5 74.6% ± 1.6 75.1% ± 1.7 75.2% ± 1.8

EOS Token 67.9% ± 1.6 68.5% ± 1.7 68.1% ± 1.8 68.8% ± 1.9

3.3 Geometry Visualization and Structural256

Similarity257

To validate that the statistical separability observed258

via linear probing corresponds to a robust topo-259

logical feature of the activation manifold, we vi-260

sualize the high-dimensional hidden states using261

non-linear dimensionality reduction. We employ262

t-distributed Stochastic Neighbor Embedding (t-263

SNE) to examine local structural preservation and264

Uniform Manifold Approximation and Projection265

(UMAP) to assess global geometry.266

As illustrated in Figure 3, which visualizes267

N = 800 data points, both projection methods268

reveal a clear geometric separation. The activation269

vectors resolve into disjoint clusters rather than a270

diffuse cloud. We note that the visual density of the271

clusters—appearing as compact groups despite the272

large sample size—results from significant over-273

plotting, reflecting the high topological cohesion274

of the respective manifolds. This confirms that the275

solvability assessment is encoded in a distinct re-276

gion of the activation space, consistent with the277

linear separability results.278

To quantify the internal coherence and mutual 279

distinctness of these representations across layers, 280

we utilize Centered Kernel Alignment (CKA) (Ko- 281

rnblith et al., 2019a), a robust metric for comparing 282

representational geometries. The resulting similar- 283

ity heatmaps (Figure 2) demonstrate three struc- 284

tural properties: 285

1. High Intra-Class Coherence: The self- 286

similarity matrices for both “Solved” and “Un- 287

solved” states exhibit high diagonal values, 288

indicating that these representations evolve 289

consistently and stably through the network 290

layers. 291

2. Inter-Class Orthogonality: The cross- 292

comparison between “Solved” and “Unsolved” 293

layers yields low CKA scores, confirming that 294

these states occupy geometrically distinct sub- 295

spaces. 296

These analyses confirm the existence of a stable, 297

geometrically distinct belief manifold. However, 298

geometric separability does not inherently imply 299
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Figure 3: Geometric Separation of Belief States. Visualization of high-dimensional belief representations
projected via t-SNE (Left) and UMAP (Right) for Qwen 2.5 7B (Layer 26, N = 846). Both manifold learning
techniques demonstrate a distinct topological separation between “Unsolved” (coral) and “Solved” (cyan) classes.
The emergence of well-defined clusters confirms that the statistical separability observed in Section 3.2 corresponds
to a robust geometric structure within the activation space, rather than an artifact of high-dimensional sparsity.

functional utility. Having established the struc-300

tural properties of this state, we next investigate its301

causal role in the reasoning process.302

4 Causal Decoupling303

4.1 Establishing Causal Control over Latent304

Belief305

To investigate the causal role of the belief state, we306

first establish a method to reliably manipulate it.307

Based on the finding in Section 3.2 that the belief308

signal is fundamentally linear, we derive a steer-309

ing vector, dsolv, directly from the weights of the310

trained logistic regression probe. This vector repre-311

sents the direction normal to the decision boundary312

separating “solved” from “unsolved” representa-313

tions in the activation space.314

We determine the optimal locus for intervention315

by analyzing probe accuracy across the model’s316

processing trajectory. As reported in Table 1, de-317

codability is low in early processing stages but318

increases as the context is integrated, peaking at319

the final token of the input prompt, similar to ap-320

proaches from Tillman and Mossing (2025); Kan-321

tamneni et al. (2025); Yan (2025). This indicates322

that the belief state is maximally crystallized imme-323

diately prior to generation. Consequently, we target324

our intervention at this specific token position.325

The intervention is defined as an additive update326

to the residual stream. For a given hidden state hi,L327

corresponding to problem i at the last input token328

of layer L (Gurnee and Tegmark, 2024), the steered329

state h′i,L is computed as:330

h′i,L = hi,L + α · dsolv (2)331

where α is a scalar coefficient controlling the mag- 332

nitude and direction of the shift, tuned with leave- 333

out-out cross validation (Hastie et al., 2009). 334

To validate the efficacy of dsolv, we conducted a 335

manipulation check on a held-out set of problems 336

classified by the model as “unsolved” (baseline 337

probability ≈ 0). We applied the steering vector 338

with a positive α to shift the activations toward 339

the “solved” region of the manifold. As detailed 340

in Table 2, this intervention produces a robust in- 341

version of the internal belief state. In the Math- 342

Hard domain, the probe’s predicted probability of 343

success rises from a baseline of 0.04 to 0.97 (a 344

belief shift of ∆ = +0.93). This controllability 345

generalizes across domains, with significant belief 346

shifts observed for Logic (+0.84), Code (+0.88), 347

and Planning (+0.79). These results confirm that 348

dsolv functions as a reliable control lever for the 349

model’s internal assessment state. 350

4.2 Causal Inertness of Latent Belief 351

Having established control over the internal belief 352

state, we evaluate its causal influence on task per- 353

formance. We apply the steering intervention to 354

invert the model’s assessment from unsolvable to 355

solvable and measure the resulting accuracy on the 356

held-out test set. This experiment tests the hypothe- 357

sis that the linearly decodable belief state functions 358

as a control mechanism for reasoning competence. 359

Results for the Math-Hard dataset (Table 2) 360

demonstrate a sharp dissociation between inter- 361

nal representation and behavioral outcome. The 362

intervention successfully shifts the probe’s pre- 363

dicted probability of success from a baseline of 364

0.37 to 0.97, yielding a substantial belief shift 365
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Table 2: Causal Intervention Reveals a Decoupling of Latent Belief and Task Competence. We apply our
validated ‘d_solv’ steering vector (derived from a respective datasets) to held-out problems across four diverse
reasoning domains. The intervention successfully and dramatically flips the internal belief state (Probe’s Prediction)
from unconfident to confident. However, this manipulation of belief has no statistically significant effect on the
final task accuracy in any domain, providing powerful causal evidence for the decoupling of the two systems.

Dataset Intervention Internal Belief State Final Task Outcome

Probe’s Pred. Belief Flip (∆) Task Acc. (%) Perf. Change (∆) p-value

Math-HARD
Baseline (No Steer) 0.04± 0.02 — 37.4± 0.3 —

0.981Steer → "Solved" 0.97± 0.03 +0.93 37.4± 0.8 0.0± 0.5

Knights & Knaves
Baseline (No Steer) 0.11± 0.04 — 42.6± 1.2 —

0.952Steer → “Solved” 0.95± 0.05 +0.84 42.8± 0.9 0.2± 0.3

OpenR1 Coding
Baseline (No Steer) 0.08± 0.03 — 62.9± 0.7 —

0.991Steer → “Solved” 0.96± 0.04 +0.88 62.8± 1.3 −0.1± 0.4

QwQ Planning
Baseline (No Steer) 0.15± 0.06 — 38.1± 1.4 —

0.913Steer → “Solved” 0.94± 0.07 +0.79 38.1± 0.7 0.0± 0.7

(∆ = +0.60). However, this internal modulation366

does not translate to behavioral improvement: task367

accuracy remains statistically unchanged (Perfor-368

mance Change: 0.0% ± 0.5, p = 0.981). To ad-369

dress the concern that this inertness stems from the370

model’s fundamental inability to solve hard prob-371

lems (baseline accuracy 8.4%), we replicated this372

evaluation on “borderline” difficulty tasks (GSM-373

Hard) where the model demonstrates significant374

baseline competence (∼55%). As detailed in Ap-375

pendix D.3, the causal inertness persists even in376

this regime of adequate capability. Furthermore,377

layer-wise causal tracing (Appendix D.1) confirms378

that this lack of effect is not an artifact of the spe-379

cific intervention layer, but a global property of the380

architecture. This decoupling generalizes across all381

tested reasoning domains. In logic tasks (Knights382

& Knaves), we induce a belief shift of ∆ = +0.84,383

yet task accuracy remains stable (+0.2% ± 0.3,384

p = 0.952). Similarly, in coding tasks (OpenR1),385

a shift of ∆ = +0.88 yields no significant per-386

formance change (−0.1% ± 0.4, p = 0.991). We387

validated that these vectors are semantically spe-388

cific to their respective domains (Appendix F), rul-389

ing out the possibility that the steering effect is390

merely a generic, task-agnostic signal. Notably,391

we also did not observe any change in the tone of392

responses after steering – the model did not “sound”393

any more confident than it usually is after the steer-394

ing. These results indicate that while the belief395

state is malleable via linear steering, it is function-396

ally decoupled from the downstream mechanisms397

governing solution generation.398

To verify that this inertness is not an artifact of399

the specific intervention direction (unsolvable →400

solvable), we performed the inverse experiment: 401

steering solved problems to be represented as un- 402

solvable. As detailed in Appendix D.2, this yielded 403

a symmetric null result; inducing a representation 404

of low confidence did not degrade performance on 405

tasks the model was capable of solving. This con- 406

firms that the decoupling is a bidirectional property 407

of the architecture (Appendix D.2, Table 8). 408

The observed causal inertness challenges the as- 409

sumption that linearly decodable states necessarily 410

function as active control variables. The lack of 411

downstream effect suggests a structural separation 412

between the representation of assessment and the 413

execution of reasoning. To elucidate the mecha- 414

nism enabling this separation, we next examine the 415

geometric properties of the activation space. 416

4.3 Dimensionality of Belief vs. Action 417

We characterize the intrinsic dimensionality of the 418

representations by analyzing the cumulative ex- 419

plained variance of their principal components. 420

We assembled four distinct sets of activations: 421

pre-generative “Belief” states (classified by high 422

vs. low confidence) and in-process “Competence” 423

states (classified by successful vs. failed reasoning 424

traces). 425

As shown in Figure 4 (Left), the variance pro- 426

files exhibit a distinct structural divergence. The 427

“Competence” curves (Green, Orange) demonstrate 428

rapid saturation, where a small number of princi- 429

pal components (≈ 20) capture the majority of the 430

variance. This indicates that the reasoning process 431

evolves on a low-rank, constrained manifold. In 432

contrast, the “Belief” curves (Blue, Red) exhibit a 433

slow, gradual saturation, requiring over 120 compo- 434
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Table 3: Quantitative Evidence for the Geometric Decoupling of Assessment and Execution. We measure the
complexity of key cognitive subspaces using the Participation Ratio (PR), which computes an ‘effective dimension-
ality’. The results reveal an order-of-magnitude difference in complexity between the systems. Furthermore, an
asymmetry is revealed within the Assessment system, where ‘unconfident’ states are significantly more complex
than ‘confident’ ones. Values are reported as mean ± standard deviation over 100 bootstrap resamples.

Cognitive System Subspace Representing... Participation Ratio

Assessment
(Pre-Generative Belief)

“Confident” (Positive Belief) 33.6 ± 2.9
“Unconfident” (Negative Belief) 44.4 ± 2.5

Execution
(In-Process Reasoning)

Competent (Successful CoT) 16.0 ± 0.6
Incompetent (Failed CoT) 17.9 ± 0.9

Control
(Trivial Tasks)

Trivial Execution 4.1 ± 0.9

nents to explain 90% of the variance. This charac-435

terizes the pre-generative assessment as a diffuse,436

high-dimensional representation.437

To quantify this geometric disparity, we calcu-438

late the Participation Ratio (PR), a measure of439

effective dimensionality derived from the eigenval-440

ues (λi) of the covariance matrix:441

PR =
(
∑

i λi)
2∑

i λ
2
i

(3)442

This metric estimates the number of dimensions443

significantly contributing to the data’s variance. As444

detailed in Table 3, the “Assessment” system ex-445

hibits high effective dimensionality, with a PR of446

33.6 for positive belief and 44.4 for negative be-447

lief. Conversely, the “Execution” system operates448

on a manifold that is approximately twice as com-449

pressed, with a PR of 16.0 for competent traces450

and 17.9 for incompetent ones. See Table 11 for an451

extended version.452

To determine whether this dimensionality col-453

lapse is a specific feature of procedural reasoning454

or merely a general artifact of the transition from455

prompt ingestion to token generation, we intro-456

duce the Control baseline (See Appendix C.3 for457

types of control). For trivial tasks requiring no458

reasoning (e.g., verbatim copying or rote sequence459

retrieval), the execution manifold collapses almost460

entirely to a PR of 4.1 ± 0.9. This tripartite hier-461

archy where PR scales with the complexity of the462

task provides two critical insights. First, it con-463

firms that the Execution Subspace is a dynamic464

procedural workspace rather than a fixed architec-465

tural bottleneck; its dimensionality is a function466

of the computational load. Second, it provides a467

mechanistic explanation for the observed causal468

decoupling. The Assessment Subspace encodes 469

solvability as a diffuse, high-dimensional feature, 470

whereas the Execution Subspace is confined to a 471

narrow, low-rank trajectory. 472

The inefficacy of the steering intervention (Sec- 473

tion 4.2) suggests that the belief vector resides in a 474

region of the activation space that is geometrically 475

misaligned with the manifolds governing execution. 476

This causal inertness, paired with near-zero CKA 477

scores and minimal subspace fit, provides empiri- 478

cal evidence of a functional orthogonality between 479

the high-dimensional assessment manifold and the 480

constrained execution trajectory. Consequently, lin- 481

ear perturbations in the high-dimensional assess- 482

ment space fail to project meaningfully onto the 483

constrained, low-rank dynamics of the reasoning 484

process. This structural mismatch confirms that 485

confidence and competence operate in distinct geo- 486

metric regimes of the residual stream, effectively 487

isolating the model’s internal judgment from its 488

procedural output. 489

4.4 Visualizing the Geometric Transition 490

The static analysis in Section 4.3 establishes that 491

belief and competence occupy manifolds of dis- 492

tinct intrinsic dimensionalities. To characterize the 493

temporal dynamics of this separation, we analyze 494

the evolution of activation states throughout the 495

generation process. 496

We employ a Trajectory Projection analysis. 497

First, we construct orthonormal bases for each 498

system: the high-dimensional Assessment Ba- 499

sis (Bassess), derived from the principal compo- 500

nents of pre-generative belief states, and the low- 501

dimensional Execution Basis (Bexec), derived from 502

in-process reasoning traces. We then track the acti- 503
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Figure 4: Geometric Characterization of the Dissociation. (Left) Cumulative explained variance analysis via
PCA. The slow saturation of the Belief curves (Blue, Red) indicates that the Assessment subspace forms a high-
dimensional manifold. In contrast, the rapid saturation of the Competence curves (Green, Orange) reveals that
the Execution subspace possesses a low-rank, constrained structure. (Right) Temporal projection of hidden states
onto the identified subspace bases. During prompt ingestion, the activation trajectory projects strongly onto the
Assessment basis (Blue). At the onset of generation (dashed line), we observe a sharp dimensionality shift: the
projection onto the Assessment subspace diminishes, while the Execution subspace (Red) captures the dominant
variance share, marking the transition to procedural reasoning.

vation trajectory H = [h1, . . . , hn] for a single in-504

ference pass. To ensure consistency with our static505

analysis, activations are extracted from the layer506

exhibiting peak belief decodability (as identified in507

Section 4.1). The sequence H encompasses the full508

computational span, where n = nprompt + nresponse,509

capturing both the ingestion of the input problem510

and the subsequent generation of the reasoning511

chain. At each token step t, we quantify the align-512

ment of the activation vector ht with each subspace513

using the Subspace Fit metric:514

Subspace Fit(ht, B) =
∥projB(ht)∥2

∥ht∥2
(4)515

This metric provides a normalized measure of ge-516

ometric containment, where a value of 1 indicates517

the state lies entirely within the target subspace and518

0 indicates orthogonality.519

As illustrated in Figure 4 (Right), the projection520

dynamics reveal a distinct phase separation. During521

the Prompt Ingestion Phase, the activation trajec-522

tory is predominantly explained by the Assessment523

basis (Blue line), reflecting the accumulation of524

solvability features. However, at the onset of the525

CoT Execution Phase (first generated token), we526

observe a distinct dimensionality shift. The fit to527

the Assessment subspace diminishes rapidly, while528

the fit to the Execution subspace (Red line) rises529

to near-unity. This discontinuity provides empir-530

ical evidence that the Assessment and Execution531

systems operate as sequentially engaged, geometri-532

cally distinct regimes, with the model transitioning533

from a high-dimensional evaluation state to a low-534

dimensional procedural manifold upon generation.535

5 Conclusion 536

We investigated the mechanistic origins of the 537

confidence-competence dissociation in Large Lan- 538

guage Models. By isolating a linearly decodable 539

“solvability belief,” we established that models pos- 540

sess a robust internal assessment of task difficulty 541

that is nonetheless causally inert with respect to 542

downstream performance. We provide a geomet- 543

ric explanation for this decoupling: the transition 544

from prompt processing to token generation en- 545

tails a sharp dimensionality shift, where the ac- 546

tive representation moves from a high-dimensional 547

Assessment Subspace to a constrained, low-rank 548

Execution Subspace. dual-subspace architecture 549

elucidates why internal confidence estimates do 550

not function as control variables for deductive rea- 551

soning. Consequently, these findings suggest that 552

future reliability interventions should deprioritize 553

global belief steering in favor of methods that di- 554

rectly engage the low-dimensional dynamics of the 555

execution process. 556

Limitations and Future Work 557

Scope of Task Domains. Our investigation is inten- 558

tionally restricted to convergent reasoning domains 559

(mathematics, logic, coding, and planning) where 560

task competence is defined by objective ground- 561

truth criteria. In these settings, the Execution Sub- 562

space is highly constrained by rigid logical rules, 563

resulting in the low effective dimensionality we 564

observed. It remains an open question whether this 565

geometric decoupling persists in divergent or cre- 566
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ative generation tasks (e.g., creative writing, open-567

ended dialogue), where the valid output manifold568

may possess significantly higher intrinsic dimen-569

sionality. Future research should investigate if the570

dimensionality shift is a universal property of au-571

toregressive generation or specific to deductive rea-572

soning.573

Model Scale and Frontier Models. Due to574

computational resource constraints, our experimen-575

tal evaluation was restricted to models within the576

3B to 24B parameter range. While the geometric577

consistency observed across three distinct model578

families (Llama, Qwen, Mistral) suggests that the579

dual-subspace architecture is a robust feature of580

current instruction-tuned LLMs, it remains possi-581

ble that frontier-scale models (e.g., >70B param-582

eters) exhibit different representational dynamics.583

Specifically, increased parameter density may al-584

low for a more integrated coupling between assess-585

ment and execution states. Validating these geomet-586

ric findings on larger-scale models is a necessary587

step for ensuring the universality of the confidence-588

competence gap.589

Developmental Origin of Decoupling. While590

we characterize the geometric architecture of cur-591

rent instruction-tuned models, this study does not592

isolate the training phase responsible for the ob-593

served orthogonality. Specifically, it remains to be594

determined whether the dissociation between the595

Assessment and Execution subspaces emerges dur-596

ing pre-training as a consequence of next-token597

prediction, or if it is exacerbated by alignment598

techniques such as Reinforcement Learning from599

Human Feedback (RLHF), which may inadver-600

tently reward surface-level confidence markers in-601

dependent of procedural accuracy. A longitudinal602

analysis of the belief state throughout the training603

pipeline would clarify whether this architecture is604

inherent or induced.605

Ethical considerations606

Risks of Artificial Confidence Inflation. Our find-607

ings demonstrate the feasibility of dissociating a608

model’s internal confidence from its reasoning ca-609

pabilities via linear steering. While our objective is610

to understand cognitive architecture, this mechanic611

presents a dual-use risk. Malicious actors could612

potentially utilize similar steering vectors to arti-613

ficially inflate the epistemic certainty of a model,614

causing it to present factually incorrect or halluci-615

natory information with high persuasive authority.616

This underscores the necessity of evaluating model 617

reliability based on external behavioral verification 618

rather than internal activation states alone. 619

Limitations of Internal Safety Monitoring. 620

We propose that the Assessment Subspace could 621

be utilized for dynamic resource allocation (Lin 622

et al., 2024; Behari et al., 2024) or quality filter- 623

ing. However, the observed orthogonality between 624

assessment and execution suggests a potential fail- 625

ure mode for safety systems. If safety guardrails 626

or refusal mechanisms rely on similar high-level 627

assessment manifolds, they may fail to detect gran- 628

ular failures or harmful outputs that arise strictly 629

within the low-dimensional dynamics of the Ex- 630

ecution Subspace. Consequently, safety auditing 631

should not rely exclusively on high-level represen- 632

tation probing but must remain grounded in the 633

verification of final outputs. 634
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A Related Work908

Recent research has extensively explored the ma-909

nipulation of Large Language Model (LLM) behav-910

ior through activation steering (Rimsky et al., 2023;911

Turner et al., 2023; Chalnev et al., 2024), yet the re-912

liability and generalizability of these interventions913

remain contested. While early work demonstrated914

the efficacy of steering vectors for tasks such as915

sentiment control and refusal suppression (Turner916

et al., 2023; Rimsky et al., 2023), subsequent stud-917

ies have highlighted significant limitations in their918

robustness. Tan et al. (Tan et al., 2024) revealed919

that steering effects are highly variable and of-920

ten fail to generalize out-of-distribution, a finding921

that aligns with our observation of domain-specific922

orthogonality. Similarly, Turpin et al. (Turpin923

et al., 2023) demonstrated that Chain-of-Thought924

explanations can be unfaithful to the model’s true925

decision-making process, paralleling our finding926

that internal belief states do not necessarily govern927

execution. However, whereas these studies primar-928

ily focus on behavioral reliability or the fidelity of929

verbalized explanations, our work provides a mech-930

anistic account of these failures rooted in the ge-931

ometry of the residual stream. Unlike (Orgad et al.,932

2025a) and (Rimsky et al., 2023), which assume a933

direct causal link between activation space and out-934

put behavior, we identify a structural decoupling935

between the assessment and execution manifolds.936

This distinction is crucial; while (Cao et al., 2024)937

and (Chalnev et al., 2024) propose optimization938

techniques to improve steering vector efficacy, our939

findings suggest that for reasoning tasks, the limi-940

tation is architectural rather than methodological.941

By characterizing the dimensionality shift and the 942

orthogonality of solvability beliefs across domains, 943

we offer a geometric explanation for why “confi- 944

dence” vectors often fail to transfer to competence, 945

extending the insights of the Linear Representation 946

Hypothesis (Orgad et al., 2025a) to the domain of 947

high-level reasoning dynamics. 948

B LLM Usage Statement 949

The core scientific contributions of this pa- 950

per—including the initial hypothesis, the design of 951

the primary experiments, and the subsequent anal- 952

ysis—are the original work of the authors. LLMs 953

were utilized as assistive tools in several aspects of 954

the research and manuscript preparation process to 955

improve clarity and efficiency. 956

Manuscript Preparation. We used Google’s 957

Gemini 3 Pro Preview (Google DeepMind, 2025) 958

and Gemini 2.5 Pro (Comanici et al., 2025) to 959

assist with the structuring and refinement of the 960

manuscript’s text. This included tasks such as im- 961

proving the clarity and flow of sentences, rephras- 962

ing paragraphs to maintain a consistent and clinical 963

tone, and correcting grammatical errors. The con- 964

ceptual narrative and all scientific claims remained 965

the authors’ own. Every LLM-generated sugges- 966

tion was critically reviewed, edited, and approved 967

by the authors to ensure it accurately reflected our 968

intended meaning and findings. 969

Code and Plot Generation. LLMs were also 970

used to assist in the software development pro- 971

cess. This primarily involved generating boiler- 972

plate code for data processing scripts and creating 973

plotting scripts in Python (e.g., using Matplotlib 974

and Seaborn) to visualize our experimental data. 975

The logic for all data analysis and the data itself 976

were original to our work. 977

Human Oversight. All content, whether text or 978

code, that was generated or modified with the assis- 979

tance of an LLM has undergone thorough review 980

and verification by the authors. The final responsi- 981

bility for the entirety of this paper’s content rests 982

with the authors. 983

C Experimental Reproducibility 984

C.1 Computational Environment and Models 985

Hardware All experiments were performed on 986

a compute cluster of three NVIDIA A6000 GPUs, 987

each with 48GB of VRAM. 988
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Figure 5: Distribution of prompt token lengths for the final curated dataset. The distributions for “Solved” (N=423,
blue) and “Unsolved” (N=423, coral) problems are shown to be statistically indistinguishable, confirming that
prompt length has been neutralized as a potential confound. Mean and standard deviation are nearly identical across
both sets.

Software Environment All experiments were989

run using Python 3.10. For full reproducibility,990

we recommend creating a virtual environment us-991

ing the package versions specified in a ‘require-992

ments.txt‘ file, which will be provided with our993

code release.994

Models Our experiments were conducted across995

a panel of three state-of-the-art, instruction-tuned996

models from distinct architectural families. The997

specific models and their parameter counts are de-998

tailed in Table 4.999

Table 4: Models used in our experiments, their architec-
tural families, and approximate parameter counts.

Model Model Family Parameters

Gemma 3 Gemma 4B
Llama 3.1 Llama 8B
Mistral Small Mistral 24B

C.2 Dataset Curation and Details1000

C.2.1 Datasets Used1001

To substantiate our claim of a fundamental cog-1002

nitive decoupling, we must demonstrate that the1003

phenomenon is not an artifact of a single reason-1004

ing type. We therefore selected a suite of datasets1005

spanning three distinct and challenging domains:1006

multi-step numerical calculation, formal logical 1007

deduction, and complex algorithmic planning. 1008

Numerical Reasoning (GSM8K, Math-Hard, 1009

Open-R1 Math): These datasets form the core of 1010

our analysis of mathematical competence. GSM8K 1011

(Cobbe et al., 2021) provides linguistically diverse, 1012

multi-step word problems, compelling the model 1013

to engage in sequential calculation. We supple- 1014

ment this with the Math-Hard (Hendrycks et al., 1015

2021) subset of the Google DeepMind Mathemat- 1016

ics Dataset and the large-scale Open-R1 Math 1017

220k (Zhao et al., 2025) dataset. The inclusion of 1018

these explicitly “hard” and large-scale problem sets 1019

is crucial for our methodology, as it ensures that the 1020

model’s belief state reflects a genuine assessment 1021

of a non-trivial computation, rather than a simple 1022

pattern-matching of previously seen problems. 1023

Logical Reasoning (Knights and Knaves): To 1024

test a different facet of cognition, we employ the 1025

classic Knights and Knaves logic puzzles (Xie 1026

et al., 2024). These problems are unsolvable with 1027

mere numerical skill and instead demand suppo- 1028

sitional reasoning, i.e. the ability to trace hypo- 1029

thetical scenarios to their logical conclusions. This 1030

allows us to test whether the belief/competence de- 1031

coupling persists when moving from arithmetic to 1032

formal symbolic logic. 1033

Algorithmic & Planning Reasoning (Open 1034
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R1 Coding, QWQ-Planning): Finally, we1035

test the model’s ability to reason about proce-1036

dures and plans. We use the Open R1 Ver-1037

ifiable Coding Problems dataset (Zhao et al.,1038

2025), which contains programming tasks that1039

require algorithmic thinking and are verifiable1040

via unit tests. This is complemented by the1041

qwq-32b-planning-mystery-2 dataset (Hook,1042

2025), which involves sequential planning puz-1043

zles. These datasets are critical for evaluating the1044

model’s execution capabilities in a structured, pro-1045

cedural context, directly probing the “Execution1046

Brain” we later identify.1047

C.2.2 Exclusion of Trivial Format Heuristics1048

To ensure our probes learned a true representation1049

of semantic difficulty rather than superficial format1050

cues, we aggressively filtered the initial dataset.1051

Our primary goal was to eliminate any problem1052

that could be classified as “easy” or “hard” based1053

on its structure rather than its content. Examples of1054

excluded prompt categories include:1055

1. Direct Knowledge-Retrieval Questions:1056

Prompts such as “What is the Pythagorean1057

theorem?” were removed. These test factual1058

recall, not multi-step reasoning, and would1059

contaminate the dataset with a distinct, non-1060

reasoning cognitive process.1061

2. Simple True/False or Yes/No Questions:1062

Prompts formatted as direct binary choices1063

(e.g., “Is 117 a prime number? True or False.”)1064

were excluded. The presence of explicit mark-1065

ers like “True/False” provides a powerful1066

heuristic that could allow a probe to bypass1067

any assessment of the underlying mathemati-1068

cal logic.1069

3. Formulaic or Template-Based Problems:1070

We identified and removed classes of prob-1071

lems that follow a highly repetitive linguistic1072

template (e.g., simple unit conversion exer-1073

cises). Their rigid structure allows for near-1074

algorithmic solution without deeper assess-1075

ment, and their inclusion would have biased1076

the probe towards simple pattern matching.1077

C.3 Control Task Categories and Rationale1078

The control tasks provide a methodological base-1079

line to isolate the geometric properties of reasoning-1080

specific execution from general autoregressive gen-1081

eration behaviors. By evaluating tasks with min-1082

imal cognitive load, we address whether the ob- 1083

served dimensionality shift (Section 4.3) is a uni- 1084

versal artifact of the transformer’s decoding bot- 1085

tleneck or a specialized procedural compression. 1086

This comparison allows us to determine if the Par- 1087

ticipation Ratio (PR) of the Execution Subspace is 1088

modulated by the structural complexity of the task 1089

or remains constant across all generation modes. 1090

• Verbatim String Transcription – The 1091

reproduction of high-entropy charac- 1092

ter sequences without semantic trans- 1093

formation. Example: “Copy exactly: 1094

j8f2_Lp9#kR2_qQ7x_vB1_mN5.” 1095

• Overlearned Sequence Retrieval – The re- 1096

trieval of linear, highly frequent sequences 1097

that are well-represented in the pre-training 1098

corpus. Example: “Recite the English alpha- 1099

bet starting from A and ending with Z.” 1100

• Deterministic Character Mapping – The 1101

application of a global, per-token rule that 1102

requires no logical branching or state main- 1103

tenance. Example: “Convert the following 1104

sentence to all capital letters: ‘the weather is 1105

nice today’.” 1106

• Identity Template Filling – The insertion of 1107

provided variables into a static structural for- 1108

mat without manipulation. Example: “Put the 1109

name ‘Alice’ and the city ‘London’ into this 1110

template: Name: [NAME], City: [CITY].” 1111

• Statistical Preamble Completion – The com- 1112

pletion of high-probability linguistic “canary” 1113

strings based on statistical prefix matching. 1114

Example: “Complete the following sentence: 1115

‘The quick brown fox jumps over the lazy 1116

dog.’” 1117

• Linear Digit Incrementing – The sequential 1118

generation of integers to evaluate the dimen- 1119

sionality of simple, predictable token transi- 1120

tions. Example: “Count from 1 to 50 using 1121

only digits.” 1122

C.3.1 Rigorous Length Control 1123

A critical and often overlooked confound in in- 1124

terpretability studies is prompt length, as it can 1125

serve as a powerful spurious correlate for problem 1126

difficulty. To definitively neutralize this variable, 1127

we performed a meticulous matching process to 1128
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construct our final dataset of 423 solved and 4231129

unsolved problems.1130

As visualized in Figure 5, the kernel density esti-1131

mates of the token count distributions for both the1132

“Solved” and “Unsolved” problem sets are nearly1133

perfectly aligned. This visual finding is corrobo-1134

rated by the quantitative statistics: the distributions1135

are statistically indistinguishable, with nearly iden-1136

tical means (83.22 vs. 83.06 tokens) and standard1137

deviations (46.47 vs. 44.83). A two-sample t-test,1138

as mentioned in the main text, confirmed no signif-1139

icant difference (p > 0.4).1140

This rigorous control is fundamental to the va-1141

lidity of our claims. By ensuring that there is no1142

signal in the prompt length, we compel our probing1143

classifiers to learn from the deep semantic content1144

of the problems. This allows us to conclude that1145

the decoded signal reflects a true semantic repre-1146

sentation of the solvability belief, not an artifact of1147

a superficial textual property.1148

C.3.2 Example Prompts from Curated1149

Dataset1150

To provide a qualitative understanding of the prob-1151

lem types used in our study, we present a repre-1152

sentative sample from our final, confound-resistant1153

dataset of 846 problems. These examples illustrate1154

the non-trivial reasoning required for both prob-1155

lems the models successfully solved and those they1156

failed, validating the need for our rigorous curation1157

protocol.1158

Table 5: Sample of problems from our curated dataset
that models failed to solve.

Unsolved Prompts

1. What is the maximum number of planes of
symmetry a tetrahedron can have? #

2. Find all positive integers m, n such that
m3 − n3 = 999.

3. The real number x that makes
√
x2 + 4 +√

(8− x)2 + 16 take the minimum value
is estimated to be...

4. Among all such numbers n that any convex
100-gon can be represented as the intersec-
tion (i.e., common part) of n triangles, find
the smallest.

5. Find the number of all integers n > 1, for
which the number a25 − a is divisible by n
for every integer a.

Table 6: Sample of problems from our curated dataset
that models successfully solved.

Solved Prompts

1. Find the sum: −100− 99− 98− · · · − 1+
1 + 2 + · · ·+ 101 + 102

2. How many gallons of a solution which is
15% alcohol do we have to mix with a so-
lution that is 35% alcohol to make 250 gal-
lons of a solution that is 21% alcohol?

3. Find the area of the figure bounded by the
lines: y = x2, y2 = x

4. In quadrilateral ABCD, the diagonals in-
tersect at point O. It is known that SABO =
SCDO = 3

2 , BC = 3
√
2, cos∠ADC =

3√
10

. Find the smallest area that such a
quadrilateral can have.

5. Calculate the limit of the numerical se-
quence: limn→∞

√
n5−8−n

√
n(n2+5)√

n

C.4 Experimental Hyperparameters 1159

C.4.1 Probing Classifier Hyperparameters 1160

To ensure a robust and fair comparison between 1161

linear and non-linear models, we optimized the 1162

hyperparameters for each probing classifier. This 1163

optimization was performed using a 5-fold cross- 1164

validation grid search on a 20% validation set held 1165

out from the full training data. This process ensures 1166

that each probe is operating at its maximal effec- 1167

tiveness, making the comparison of their peak ac- 1168

curacies a meaningful test of the underlying data’s 1169

structure. The final model for each probe was 1170

then retrained on the complete training data us- 1171

ing the optimal hyperparameters found during the 1172

search before final evaluation on the held-out test 1173

set. All classifiers were implemented using stan- 1174

dard libraries (scikit-learn, xgboost, pytorch). 1175

The optimized hyperparameters are detailed in Ta- 1176

ble 7. 1177

C.4.2 Locus of Causal Intervention 1178

A critical choice in our experimental design is the 1179

specific model layer at which to apply the causal 1180

intervention. This decision was not made arbitrarily 1181

but was determined empirically for each model 1182

based on the results of our initial probing analysis. 1183

Our guiding principle was to target the belief state 1184

at its point of maximal leverage: the layer where 1185

the model’s internal assessment of solvability is 1186

most stable, coherent, and robustly encoded. 1187

As demonstrated in our probing experiments 1188
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Table 7: Optimized Hyperparameters for Probing Classifiers.

Classifier Hyperparameter(s) Search Space Final Value(s)

Logistic Regression C (Regularization) {10−2, . . . , 102} 0.8

SVC (RBF Kernel) C (Regularization)
gamma (Kernel Coeff.)

C: {0.1, 1, 10, 100}
gamma: {’scale’, . . . , 0.1}

C=0.9
gamma=’scale’

XGBoost n_estimators
max_depth
learning_rate

{100, 200, 300}
{3, 5, 7}
{0.01, 0.1, 0.2}

200
5
0.1

2-Layer MLP Hidden Layer Size
Learning Rate
Epochs (Early Stopping)

{128, 256, 512}
{10−4, 10−3, 10−2}
Optimizer: Adam

512
5e−3
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Figure 6: Dynamic formation of the belief state during prompt processing. The heatmaps show the cosine similarity
between activations at intermediate points in the prompt (y-axis, as percentage processed) and the final-token
centroids for “Solvable” (left) and “Unsolvable” (right) problems, across all model layers (x-axis). The monotonic
increase in similarity (brighter colors) vertically and generally from left-to-right demonstrates that the belief state is
not formed instantaneously but converges systematically as the model ingests more context.

(Figure 1 in the main text), the accuracy of decod-1189

ing the “solvability belief” is not uniform across the1190

network. Accuracy is near chance in early layers,1191

rises steadily as the model processes context, and1192

consistently peaks in the mid-to-late layers before1193

slightly decaying.1194

Therefore, we define the intervention layer for1195

each model as the one exhibiting the highest lin-1196

ear probe accuracy. We reason that this locus1197

represents the point where the pre-generative belief1198

state has reached its most fully-formed and linearly1199

separable state.1200

• Intervening at earlier layers would be less1201

precise, as the belief signal is still nascent and1202

entangled with lower-level feature extraction.1203

• Intervening at later layers (post-peak) risks1204

targeting a representation that is already begin-1205

ning to transition towards the execution phase, 1206

potentially confounding the assessment of be- 1207

lief with the mechanics of action. 1208

By targeting the layer of peak decodability, we en- 1209

sure our causal test is applied to the most definitive 1210

representation of the “Assessment Brain’s” final 1211

judgment, making our subsequent finding of causal 1212

inertness all the more rigorous. 1213

D Extended Results and Validations 1214

This section presents additional experiments that 1215

validate and add nuance to the core claims made in 1216

the main paper. 1217
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D.1 Intra-Prompt Formation of the Belief1218

State1219

In this section, we provide a more granular, tem-1220

poral analysis of the belief state to complement1221

the static, final-token analysis in the main paper.1222

Specifically, we investigate the point during prompt1223

processing at which a model’s internal state begins1224

to geometrically converge towards its final belief1225

about a problem’s solvability.1226

We test this by measuring the cosine similarity1227

between activations extracted at intermediate stages1228

of prompt processing and the final belief centroids.1229

As shown in Figure 6, the results reveal two key1230

phenomena. First, we observe a consistent grad-1231

ual convergence: for any given layer, similarity to1232

the correct final centroid increases monotonically1233

as more of the prompt is processed (vertical gra-1234

dient). This suggests that the belief state is not a1235

sudden inference but is systematically constructed1236

and refined as the model ingests more context.1237

Second, and more critically, we identify a clear1238

belief crystallization point. While early-layer ac-1239

tivations (e.g., layers 0-4) remain geometrically1240

equidistant from both “Solvable” and “Unsolv-1241

able” centroids, a significant divergence emerges1242

in the mid-layers. The model’s internal state be-1243

gins to move decisively into the correct geometric1244

region well before it has processed the full prompt.1245

This early separation indicates that the “Assess-1246

ment Brain” forms a robust initial hypothesis about1247

solvability relatively early, which is then solidified1248

throughout the remainder of the context processing.1249

Therefore, we note that the final-token belief1250

state analyzed in our main experiments is not an1251

instantaneous calculation but the stable endpoint of1252

a continuous geometric trajectory. This dynamic1253

view validates our treatment of the belief state as a1254

robust and coherent cognitive object, not a volatile1255

last-minute artifact, providing a deeper mechanistic1256

account of the “Assessor’s” function.1257

D.2 Inverse Causal Intervention on Solved1258

Problems1259

To ensure the causal decoupling observed in the1260

main paper was not a directional artifact, we con-1261

ducted the crucial inverse experiment: steering1262

the model’s belief from “Solved” to “Unsolved.”1263

The results are presented in Table 8. This experi-1264

ment provides symmetrical evidence for our central1265

claim by testing if artificially inducing doubt in the1266

model can harm its performance.1267

The table’s narrative unfolds in three clear steps. 1268

First, we observe the baseline condition. For this 1269

set of correctly solved problems, the model is both 1270

internally confident (Probe’s Pred. > 0.89 across 1271

all datasets) and externally competent (Task Acc. 1272

> 89%). In this state, the model’s belief and its 1273

actions are aligned. 1274

Next, we applied the negative steering vector. 1275

The “Steer → Unsolved” rows show the probe’s 1276

prediction plummeting to near-zero, quantified by 1277

the large negative “Belief Flip (∆)” values. This 1278

confirms our causal lever is just as effective at de- 1279

stroying confidence as it is at creating it. The model 1280

has been successfully manipulated to an internal 1281

state of doubt. 1282

The final columns, however, reveal the same 1283

stark decoupling. Despite this profound internal 1284

shift from confidence to doubt, the model’s final 1285

task accuracy remains unharmed. The performance 1286

change is statistically zero across all domains, con- 1287

firmed by high p-values. The model may have been 1288

forced to “believe” it would fail, but its underly- 1289

ing problem-solving ability proceeded unaffected. 1290

This result provides a symmetrical evidence that 1291

the decoupling of belief and competence is not a 1292

one-way street; the two systems are fundamentally 1293

and robustly disconnected. 1294

D.3 Robustness to Task Difficilty 1295

A critical question regarding the causal inertness 1296

of the belief state is whether the phenomenon is 1297

an artifact of extreme task difficulty. In our pri- 1298

mary experiments (Table 2), the baseline accuracy 1299

on the Math-Hard dataset was low (< 10%). A 1300

skeptic might argue that if a model lacks the funda- 1301

mental capability to solve a problem, no amount of 1302

confidence modulation should theoretically induce 1303

success. In such a “failure regime”, the decoupling 1304

of belief and competence would be trivial rather 1305

than mechanistic. 1306

To rigorously test the “Two Brains” hypothesis, 1307

we must intervene within the model’s zone of prox- 1308

imal development, a difficulty regime where the 1309

model possesses the requisite reasoning templates 1310

to solve the problem but struggles with execution 1311

fidelity. If the belief state acts as a control lever, it 1312

is in this “borderline” regime that we would expect 1313

to see the strongest effect, as a nudge in confidence 1314

might provide the momentum to overcome execu- 1315

tion noise. 1316

Experimental Design We employed the GSM- 1317

Hard dataset for this control experiment. This 1318
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Table 8: Inverse Causal Intervention: Competence is Invariant to Negative Belief Steering. To validate the
robustness of our decoupling finding, we perform the inverse experiment to that shown in the main paper. Here, we
select held-out problems that the model successfully solves and apply a negative steering vector to force its internal
belief state from "Solved" to "Unsolved." The intervention is highly effective, dramatically reducing the model’s
internal confidence. Despite this successful manipulation, the model’s final task accuracy remains statistically
unchanged. This confirms that competence is robustly decoupled from belief, regardless of the direction of the
intervention.

Dataset Intervention Internal Belief State Final Task Outcome

Probe’s Pred. Belief Flip (∆) Task Acc. (%) Perf. Change (∆) p-value

Math (Hard)
Baseline (No Steer) 0.94± 0.03 — 91.3± 1.1 —

0.974Steer → "Unsolved" 0.05± 0.02 −0.89 91.2± 1.4 −0.1± 0.6

Knights & Knaves
Baseline (No Steer) 0.91± 0.05 — 89.5± 1.5 —

0.946Steer → "Unsolved" 0.08± 0.04 −0.83 89.7± 1.3 +0.2± 0.4

OpenR1 Coding
Baseline (No Steer) 0.95± 0.02 — 93.1± 0.9 —

0.988Steer → "Unsolved" 0.06± 0.03 −0.89 93.0± 1.2 −0.1± 0.5

QwQ Planning
Baseline (No Steer) 0.89± 0.06 — 90.4± 1.3 —

0.921Steer → "Unsolved" 0.11± 0.05 −0.78 90.4± 1.0 0.0± 0.8

dataset modifies the standard GSM8K problems1319

on which these instruction-tuned models are highly1320

proficient by replacing the original numbers with1321

larger integers and floating-point values. This de-1322

sign choice is deliberate: it increases the compu-1323

tational load on the "Execution Brain" without al-1324

tering the high-level semantic assessment of the1325

problem type. This creates a set of tasks where the1326

model correctly identifies how to solve the problem1327

(high assessment accuracy) but often fails the cal-1328

culation (execution failure), resulting in baseline1329

accuracies in the 40–60% range.1330

Results We applied our standard causal interven-1331

tion (adding the +α ·dsolv vector at the final prompt1332

token) across all three model families. The results1333

are presented in Table 9.1334

The intervention was mechanically successful1335

across the board: we observed strong positive shifts1336

in the internal belief state (Belief Flip ∆ > +0.75),1337

confirming that the “Assessment Brain” was suc-1338

cessfully steered from a state of uncertainty to one1339

of high confidence. However, this internal shift1340

remained causally isolated from the final outcome.1341

Despite operating in a regime where the models1342

were correct approximately half the time and where1343

a marginal improvement in execution would have1344

yielded correct answers ; artificially inflating con-1345

fidence yielded no statistically significant perfor-1346

mance gain (p > 0.9 for all models).1347

E Statistical Robustness and Sample 1348

Complexity 1349

E.1 Rationale for Dataset Curation 1350

Methodological standards for linear probing vary 1351

significantly across the interpretability literature, 1352

with dataset sizes ranging from compact sets 1353

of N ≈ 350 (Marks and Tegmark, 2024b) to 1354

larger corpora exceeding several thousand exam- 1355

ples (Azaria and Mitchell, 2023). Recent studies in- 1356

vestigating internal model states (Ji-An et al., 2025; 1357

Li et al., 2023b; Rimsky et al., 2024) utilize sample 1358

sizes comparable to ours. This variance indicates 1359

that there is no universally optimal dataset size for 1360

probing; rather, the requisite sample complexity is 1361

intrinsic to the specific task and the separability of 1362

the target feature. Consequently, our data curation 1363

strategy prioritized the rigorous elimination of con- 1364

founds over raw volume. As detailed in C.3.1, raw 1365

datasets in reasoning domains are often plagued 1366

by superficial heuristics ; most notably, the corre- 1367

lation between prompt length and solvability. By 1368

filtering for these confounds, we reduced the initial 1369

corpus to a balanced set of N = 846 examples 1370

to ensure the probe identifies the semantic “solv- 1371

ability” direction rather than high-variance surface 1372

features. 1373

E.2 Signal Emergence and Phase Transition 1374

We trained our logistic regression probes on subsets 1375

of the training data ranging from N = 50 to N = 1376

423 samples per class and evaluated generalization 1377

performance on a fixed held-out test set. The results 1378

for Llama 3.1 8B, Qwen 2.5 7B, and Mistral 24B 1379
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Figure 7: Probe Sample Complexity Analysis. Generalization accuracy of the linear solvability probe as a function
of training set size across Llama 3.1 8B (Left), Qwen 2.5 7B (Center), and Mistral Small 24B (Right). In all
architectures, we observe a non-linear relationship between sample count and accuracy. Below a threshold of
N ≈ 200, probes fail to generalize, confirming the absence of trivial heuristics. Beyond this threshold, the semantic
signal crystallizes, reaching robust generalization (∼ 70− 75%) at the full dataset size (N = 423). This confirms
that our curated dataset provides sufficient statistical power to isolate the latent belief manifold.

are visualized in Figure 7.1380

Across all model families, we observe a consis-1381

tent distinct three-stage phenomenological pattern:1382

1. The Noise Regime (N < 200): For small1383

sample sizes, probe generalization remains1384

near or slightly below chance level (50%).1385

This effectively rules out the presence of1386

“easy” surface-level heuristics such as lexical1387

triggers or token counts, which typically allow1388

for rapid convergence with few-shot examples.1389

The inability of the probe to generalize in this1390

regime indicates that ‘solvability’ is a latent1391

semantic feature rather than a high-variance1392

surface artifact.1393

2. The Crystallization Phase (200 ≤ N ≤1394

350): We observe an inflection point where1395

generalization accuracy rises significantly1396

(e.g., from ∼ 45% to ∼ 65% in Llama 3.1).1397

This represents a geometric phase transition1398

where the signal-to-noise ratio of the semantic1399

direction dsolv overcomes the isotropic noise1400

of the ambient representation space.1401

3. The Stable Regime (N > 350): Performance1402

begins to stabilize, reaching accuracies be-1403

tween 70− 75%.1404

E.3 Implications for Validity1405

This analysis provides two critical validations for1406

our methodology:1407

• Feature Robustness: The fact that a stable1408

linear direction emerges and generalizes after1409

a specific threshold confirms that dsolv is a1410

bona fide feature of the representation space,1411

not an artifact of overfitting to small N .1412

• Sufficient Power: Our final dataset size (N = 1413

423 per class) sits well within the “Stable 1414

Regime,” ensuring that the derived steering 1415

vectors used in Section 4 are statistically ro- 1416

bust estimates of the underlying belief axis. 1417

F Cross-Domain Transferability and 1418

Vector Specificity 1419

Experimental Rationale. A fundamental question 1420

regarding the geometry of the "Assessment Sub- 1421

space" is its universality: does the model utilize a 1422

single, global direction to encode solvability across 1423

all tasks, or does it construct domain-specific as- 1424

sessment manifolds? To investigate this, we per- 1425

formed a cross-domain steering experiment. We uti- 1426

lized the steering vectors dsolv derived strictly from 1427

each of our four primary reasoning domains: Nu- 1428

merical Reasoning (Math-Hard) (Hendrycks et al., 1429

2021), Formal Logic (Knights & Knaves) (Xie 1430

et al., 2024), Algorithmic Coding (OpenR1) (Zhao 1431

et al., 2025), and Sequential Planning (QwQ) 1432

(Hook, 2025). We then applied each vector to the 1433

held-out test sets of the other domains, creating 1434

a full transfer matrix. Additionally, we included 1435

MMLU-Pro (Wang et al., 2024) as an external 1436

control to test for generalization to non-reasoning 1437

tasks. 1438

Results: Domain Orthogonality. We quantify 1439

transferability using Belief Shift (∆), defined as the 1440

increase in the probability assigned to the “Solved” 1441

class by the target domain’s probe after interven- 1442

tion. As detailed in Table 10, we observe a pattern 1443

of geometric specificity. When steering vectors 1444

are applied within their source domain, they in- 1445

duce substantial belief shifts (∆ ≈ +0.8 to +0.9). 1446

In contrast, when applied to out-of-domain tasks, 1447

these vectors produce negligible shifts (∆ < 0.1) 1448
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Table 9: Causal Intervention on “Borderline” Difficulty (GSM-Hard). Even when models possess the reasoning
templates to solve the task (∼50% baseline accuracy), steering belief does not improve competence.

Model Family Intervention Probe’s Pred. Belief Flip (∆) Task Acc. (%) Perf. Change (∆) p-value

Llama 3.1 8B Baseline 0.42± 0.03 — 54.7± 0.7 — 0.915
Steered (→ Solved) 0.96± 0.02 +0.54 55.1± 0.4 +0.4± 0.6

Qwen 2.5 7B Baseline 0.38± 0.04 — 51.2± 0.9 — 0.962
Steered (→ Solved) 0.94± 0.03 +0.56 51.0± 1.1 −0.2± 0.7

Mistral 24B Baseline 0.51± 0.03 — 58.4± 0.8 — 0.884
Steered (→ Solved) 0.97± 0.01 +0.46 58.9± 0.9 +0.5± 0.6

(Azizian et al., 2025; Liu et al., 2024b,a; Orgad1449

et al., 2025b). For example, the vector that ro-1450

bustly steers belief in Math-Hard (∆ = +0.93)1451

causes minimal change when applied to Coding1452

tasks (∆ = +0.05), despite both domains requir-1453

ing quantitative reasoning. Similarly, the Logic1454

vector fails to transfer to Planning tasks.1455

Implications for Cognitive Architecture. This1456

lack of transferability provides three key insights1457

into the model’s architecture. First, it suggests that1458

our probes are not detecting a generic “positivity”1459

or “truth” direction; such a global feature would1460

likely transfer across all solvable tasks. Second, it1461

indicates that the Assessment Subspace is context-1462

dependent. The model appears to construct specific1463

geometric manifolds for evaluating arithmetic con-1464

sistency that are orthogonal to the manifolds used1465

for evaluating syntactic correctness in code or logi-1466

cal consistency in puzzles. Finally, the negligible1467

transfer to MMLU-Pro confirms that the “solvabil-1468

ity belief” isolated in this study is distinct from1469

the factual retrieval confidence typically associated1470

with knowledge benchmarks.1471
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Table 10: We measure the Belief Shift (∆ Probability) when a steering vector trained on a Source Domain (Rows)
is applied to a Target Domain (Columns). Values represent mean ± standard deviation. The values on the diagonal
indicate strong in-domain control, while the low off-diagonal values indicate that solvability directions for different
reasoning domains are geometrically orthogonal.

Topic Math Logic Code Plan MMLU

Math +0.93 ± 0.03 +0.06 ± 0.04 +0.05 ± 0.03 +0.03 ± 0.02 +0.02 ± 0.03
Logic +0.04 ± 0.03 +0.84 ± 0.05 +0.03 ± 0.02 +0.02 ± 0.02 +0.01 ± 0.02
Code +0.07 ± 0.04 +0.04 ± 0.03 +0.88 ± 0.04 +0.08 ± 0.05 +0.02 ± 0.01
Plan +0.05 ± 0.03 +0.02 ± 0.02 +0.09 ± 0.04 +0.79 ± 0.06 +0.01 ± 0.02

Table 11: Universality of the Geometric Dimensionality Shift. We report the Participation Ratio (PR) across three
distinct model families to evaluate the consistency of the dimensionality shift. Across all architectures, we observe a
robust reduction in effective dimensionality when transitioning from the pre-generative Assessment subspace to
the procedural Execution subspace. Crucially, the introduction of “Auto-pilot” control tasks reveals that reasoning
execution occupies a mid-rank manifold (PR ≈ 16–21) that is significantly more complex than trivial task execution
(PR ≈ 4–5). Values are reported as mean ± standard deviation over 100 bootstrap resamples.

Cognitive System Subspace Representing... Llama 3.2 3B Qwen 2.5 7B Mistral 24B

Assessment
(Pre-Generative)

“Confident” (Positive Belief) 33.6 ± 2.9 41.2 ± 3.1 38.5 ± 2.8
“Unconfident” (Negative Belief) 44.4 ± 2.5 49.1 ± 3.4 46.2 ± 3.0

Execution
(In-Process Reasoning)

Competent (Successful CoT) 16.0 ± 0.6 18.4 ± 0.8 19.1 ± 0.7
Incompetent (Failed CoT) 17.9 ± 0.9 19.8 ± 1.1 21.3 ± 1.0

Control
(Non-reasoning)

Trivial Execution 4.1 ± 0.9 4.8 ± 0.6 5.2 ± 1.1

Collapse Ratio PRAssess,avg/PRExec,avg 2.10x 2.24x 2.01x
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