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Abstract001

We propose a principled, training-free crite-002
rion for evaluating prompt effectiveness: for003
concepts satisfying the Linear Representation004
Hypothesis, prompt success can be diagnosed005
before any output is generated by examining006
whether the intended concept is geometrically007
well-formed in the model’s internal state. We008
operationalize this criterion through five ge-009
ometric properties—Contrast and Additivity010
as core requirements implied by LRH, plus In-011
tensity, Order Invariance, and Saturation as di-012
agnostic indicators—and validate across 220013
conditions (5 models × 3 frameworks), with014
97.3% ID and 92.3% OOD accuracy confirm-015
ing the extracted directions are meaningful.016

This criterion yields two immediate conse-017
quences. First, context engineering failures018
become diagnosable: Distraction, Confusion,019
Clash, and Poisoning each produce character-020
istic geometric signatures—signal decay, pro-021
portion reduction, polarity weakening, or com-022
plete reversal—enabling failure-type identifi-023
cation without behavioral testing. Second,024
failures become repairable: because failures025
are geometric perturbations, steering can re-026
store concept activation by correcting the in-027
ternal structure, recovering both representation028
signals and output behavior. Our framework029
requires no labeled data and enables real-time030
prompt diagnostics in deployed systems.031

1 Introduction032

Prompt and context engineering have become033

“the most important skill for AI engineers”034

(LangChain, 2025). As LLM applications evolve035

from simple prompts to complex agentic sys-036

tems with carefully crafted system prompts, multi-037

turn conversations, and tool interactions, a funda-038

mental challenge emerges: How do we evaluate039

whether our prompts and contexts are working?040

Current practice relies almost exclusively on be-041

havioral testing—running benchmark evaluations042

or curated test sets, then assessing output quality 043

post-hoc. This approach has critical limitations: 044

(1) it is expensive and time-consuming, requiring 045

labeled test data and repeated generation for each 046

prompt iteration; (2) it is reactive rather than di- 047

agnostic, revealing that a prompt fails without ex- 048

plaining why; (3) it provides no insight into the 049

model’s internal processing, making systematic 050

improvement difficult. Practitioners need princi- 051

pled methods to evaluate prompt effectiveness be- 052

yond “try it and see what happens.” 053

Core Insight: Monitoring Internal Concept Ac- 054

tivation. We propose a shift in how to evaluate 055

prompts and contexts: for concepts satisfying the 056

Linear Representation Hypothesis, prompt effec- 057

tiveness can be reliably evaluated by examining 058

whether the intended concept is successfully ac- 059

tivated in the model’s internal representations— 060

before any output is generated. Rather than wait- 061

ing to see whether outputs are correct (behavioral 062

testing), we can directly monitor whether the con- 063

cept is present in the residual stream during infer- 064

ence. 065

The answer to “how do we know when a con- 066

cept is genuinely activated?” lies in the Linear 067

Representation Hypothesis (Park et al., 2024; 068

Marks and Tegmark, 2024): if concepts are en- 069

coded as linear directions in activation space, then 070

a successfully activated concept should produce 071

a representation vector exhibiting specific geo- 072

metric properties. If these properties are ab- 073

sent or violated, the concept was not reliably 074

activated—regardless of what the model outputs. 075

This provides a principled, internal-state criterion 076

for prompt effectiveness. 077

Operationalizing the Criterion: Five Geomet- 078

ric Properties. We operationalize this criterion 079

through RepE-Monitor, a training-free frame- 080

work that monitors whether intended concepts 081

are successfully activated. Building on Repre- 082
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Figure 1: RepE-Monitor Overview. Our framework extracts concept vectors from LLM residual streams and
monitors them during inference. When context engineering fails, characteristic signal changes occur: Distraction
causes signal decay, Confusion reduces target signal proportion, Clash inverts signal polarity, and Poisoning satu-
rates/reverses signals. This enables real-time detection of context failures without output generation.

sentation Engineering (Zou et al., 2023), RepE-083

Monitor extracts concept vectors from LLM resid-084

ual streams and validates whether they satisfy five085

geometric properties grounded in the Linear Rep-086

resentation Hypothesis:087

1. Contrast (core): High-trait and low-trait088

prompts produce opposite-sign scores089

2. Additivity (core): Multi-concept inputs pre-090

serve individual signals through superposi-091

tion092

3. Intensity: Signal magnitude correlates with093

semantic strength094

4. Order Invariance: Descriptor order mini-095

mally affects scores096

5. Saturation: Adding descriptors shows di-097

minishing returns098

The first two properties—Contrast and Ad-099

ditivity—are core requirements directly implied100

by LRH; if violated, the concept is not reli-101

ably activated. The remaining three are diag-102

nostic indicators that characterize activation qual-103

ity. This framework enables evaluation without la-104

beled training data or output generation—a single105

forward pass reveals whether the intended concept106

is present.107

Figure 2 illustrates these five properties using 108

Big Five personality as a concrete example. 109

Consequences: Failure Diagnosis and Repair. 110

This criterion immediately enables practical appli- 111

cations. We demonstrate its utility on a real-world 112

problem: diagnosing context engineering failures 113

(Figure 1). Practitioners have identified four fail- 114

ure modes (Breunig, 2025)—Distraction, Confu- 115

sion, Clash, and Poisoning—that degrade LLM 116

behavior in production. These are fundamentally 117

concept activation failures: the system prompt 118

specifies an intended concept, but degraded con- 119

text prevents reliable activation. 120

Using our criterion, we show that each failure 121

type produces characteristic geometric signatures: 122

Distraction causes signal decay (35%), Confusion 123

reduces target proportion (72%), Clash weakens 124

polarity (81%), and Poisoning causes complete re- 125

versal (130%). Crucially, because failures are geo- 126

metric perturbations, they can be repaired: steer- 127

ing restores concept activation by correcting the 128

internal structure—demonstrating that our crite- 129

rion enables both diagnosis and intervention. 130

Contributions. Our contribution is a prin- 131

cipled, training-free criterion for evaluating 132

prompt effectiveness: five geometric properties— 133

two core requirements implied by LRH, three di- 134

agnostic indicators—that diagnose whether an in- 135
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(f) Order Invariance: E+A vs A+E

"outgoing, kind"
"kind, outgoing"

Figure 2: Five-Property Validation Framework. We validate on Big Five personality (Qwen3-8B). (a,c) Addi-
tivity: Combining traits preserves individual signals—green “Combined” bars match the dominant signal of each
component. (b) Contrast: High-E and Low-E produce opposite-sign scores. (d) Intensity: Scores increase from
“slightly” (0.73) to “extremely” (1.14). (e) Saturation: Adding E-traits shows diminishing returns. (f) Order
Invariance: Swapping trait order produces similar scores.

tended concept is activated in a model’s internal136

state.137

We validate this criterion across 220 conditions138

(5 models × 3 frameworks), with 97.3% ID and139

92.3% OOD accuracy confirming the extracted di-140

rections are meaningful. As direct consequences141

of this criterion:142

• Diagnosis: Context engineering failures143

manifest as characteristic violations of144

geometric properties—enabling failure-type145

identification (Distraction vs. Confusion vs.146

Clash vs. Poisoning) without behavioral147

testing148

• Repair: Steering can restore failed concept149

activations by correcting internal structure,150

recovering both representation signals and151

output behavior152

The entire framework requires no labeled data:153

single forward pass for diagnosis, no additional154

training for repair.155

2 Related Work 156

Context Engineering and LLM Personality. 157

Context engineering has become critical for LLM 158

applications (LangChain, 2025). Breunig (2025) 159

identify four failure modes (Distraction, Confu- 160

sion, Clash, Poisoning), yet practitioners lack 161

evaluation methods beyond behavioral testing. 162

Serapio-Garcı́a et al. (2025) and Jiang et al. (2023) 163

study personality in LLMs through output anal- 164

ysis. Our work provides training-free evaluation 165

through representation monitoring. 166

Linear Representation Hypothesis and RepE. 167

Park et al. (2024) establish that concepts are 168

encoded as linear directions in LLM activation 169

space. Zou et al. (2023) demonstrate extraction 170

and intervention via Representation Engineering. 171

Recent work applies RepE to personality (Chen 172

et al., 2025; Frising and Balcells, 2025; Bhandari 173

et al., 2025; Yang et al., 2024), but lacks princi- 174

pled validation criteria. Our five-property frame- 175

work addresses this gap. Unlike steering methods 176

(Turner et al., 2023; Li et al., 2023; Rimsky et al., 177
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2024; Arditi et al., 2024), we focus on validating178

concept activation as a diagnostic for prompt ef-179

fectiveness.180

Probing and Validation. Probing classifiers181

(Belinkov et al., 2017; Hewitt and Manning, 2019)182

face challenges: high accuracy may reflect probe183

expressivity (Hewitt and Liang, 2019). Our frame-184

work provides property-based validation as an al-185

ternative.186

3 Methodology187

3.1 Problem Formulation188

Given an LLM M and a conceptual framework189

F = {d1, d2, . . . , dk} with k dimensions (e.g.,190

Big Five personality with k = 5), our goal is to191

construct a detector D : hl → Rk that maps layer-192

l residual activations to concept scores.193

For each dimension di, we seek a direction vec-194

tor vi ∈ Rdmodel such that the projection:195

scorei = ⟨hl − µ,vi⟩ (1)196

indicates the strength of dimension di in the input,197

where µ is a global mean baseline.198

3.2 Theoretical Framework: Five Properties199

for Concept Activation200

Our framework builds on the Linear Representa-201

tion Hypothesis (Park et al., 2024): concepts are202

encoded as linear directions vc ∈ Rd in LLM acti-203

vation space, with activation strength s = ⟨h,vc⟩.204

We organize our validation around five properties205

in two categories:206

Core Properties (LRH-Implied). These prop-207

erties follow directly from the linear encoding as-208

sumption:209

(1) Contrast: Under LRH, bipolar concepts are210

encoded as opposite signs along the same direc-211

tion. For concept c with direction vc:212

shigh = ⟨hhigh,vc⟩ > 0, slow = ⟨hlow,vc⟩ < 0
(2)213

(2) Additivity: Following superposition (El-214

hage et al., 2022), when concepts c1, c2 are si-215

multaneously activated, the residual approximates216

h ≈ α1vc1 + α2vc2 + n, so both signals remain217

detectable via projection.218

Diagnostic Properties (Empirical Indicators).219

The following properties are not mathematically220

derived from LRH, but serve as empirical quality221

indicators that characterize well-behaved concept 222

representations: 223

(3) Intensity: If the representation captures 224

graded semantics, signal magnitude should corre- 225

late with semantic strength (e.g., “very outgoing” 226

> “slightly outgoing”). 227

(4) Order Invariance: Genuine concept ac- 228

tivation should be robust to descriptor ordering; 229

high sensitivity may indicate positional artifacts or 230

order-sensitive semantics. 231

(5) Saturation: Adding redundant descriptors 232

should show diminishing returns, reflecting infor- 233

mation saturation in well-behaved representations. 234

These diagnostic properties help identify poten- 235

tial issues but are not strict requirements—low Or- 236

der Invariance, for instance, may reflect genuine 237

order-sensitive semantics rather than framework 238

failure (see Section 4.5). 239

3.3 Data Collection 240

We use the Goldberg 100 Unipolar Markers (Gold- 241

berg, 1992) for Big Five personality: 100 trait 242

adjectives with 20 markers per dimension. Each 243

marker is converted to a behavioral description 244

(e.g., “talkative”→ “I enjoy engaging in conversa- 245

tions”) to provide richer semantic context. We col- 246

lect residual activations using 5 description tem- 247

plates (first-person, third-person, situational, be- 248

havioral, abstract) crossed with 3 user prompts, 249

yielding 1,500 samples total. Templates 0–2 are 250

used for extraction (ID); templates 3–4 are held 251

out for OOD evaluation. 252

Template Design Rationale. We use 5 tem- 253

plates to balance diversity and efficiency—fewer 254

templates risk overfitting to specific phrasings, 255

while more templates increase collection cost 256

with diminishing returns (ablation in Appendix G 257

shows accuracy plateaus after 4 templates). The 258

3:2 ID/OOD split follows standard practice for 259

held-out evaluation while retaining sufficient 260

training diversity. All data generation is LLM- 261

assisted (Anthropic, 2024), enabling rapid exten- 262

sion to new frameworks (Appendix C). 263

3.4 Vector Extraction 264

We use a two-stage pipeline: (1) Intersection 265

method: compute template-specific directions 266

Dt, then iteratively find the common direction via 267

weighted voting (20 iterations); (2) Soft orthogo- 268

nalization: reduce inter-dimension correlation us- 269

ing vi ← vi − α
∑

j ̸=i
⟨vi,vj⟩
∥vj∥2 vj with α = 0.3 270
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(5 iterations), reducing correlation from 0.39 to271

0.09. Hyperparameters were selected via grid272

search over α ∈ {0.1, 0.2, 0.3, 0.4, 0.5} and it-273

erations ∈ {1, 3, 5, 10} (Appendix G). Full algo-274

rithms in Appendix B.275

3.5 Extending to New Frameworks276

RepE-Monitor extends rapidly to new concept277

frameworks via a 5-step procedure: (1) Define278

dimensions with bipolar structure and observable279

manifestations; (2) Collect 10–20 descriptors per280

pole using LLM assistance; (3) Design 3–5 tem-281

plates, reserving 1–2 for OOD; (4) Extract vectors282

and validate five properties; (5) If both core prop-283

erties pass, deploy; otherwise, refine based on di-284

agnostics (Appendix J). This enables deployment285

in minutes without labeled data.286

3.6 Calibration287

Different dimensions have varying signal288

strengths. We calibrate using dimension-specific289

strengths: scorecal(d) = scoreraw(d)/strengthd,290

where strengthd is computed from positive-pole291

markers. This improves multi-dimensional292

detection from 72.9% to 89.5% (details in293

Appendix B).294

3.7 Five-Property Validation Framework295

We operationalize the five geometric properties296

(Section 3.2) into concrete validation tests: Con-297

trast tests matched pairs of high/low trait ex-298

pressions; Additivity tests pairwise dimension299

combinations; Intensity tests four intensity lev-300

els (slightly, moderately, very, extremely); Order301

Invariance tests descriptor permutations; Satu-302

ration tests progressive descriptor addition (1–5303

traits). For each property, we report quantitative304

measurements rather than binary pass/fail thresh-305

olds.306

4 Experiments307

We validate that concepts satisfying our five prop-308

erties can be reliably extracted training-free, gen-309

eralize to OOD templates, and provide quantita-310

tive diagnostics.311

4.1 Experimental Setup312

We evaluate on 4 instruction-tuned models from 3313

families: Qwen3-8B/32B, Llama-3.1-8B-Instruct,314

and Gemma-2-9B-it, loaded via TransformerLens315

(Nanda and Bloom, 2022). We select layers with316

highest ID accuracy (e.g., layer 21 for Qwen3-8B).317

Metric Value

ID Accuracy 97.3%
OOD Accuracy 92.3%
Multi-dim Combination Accuracy 89.5%

Properties Validated 5/5
Mean Off-diagonal Correlation 0.09

Table 1: Core validation results on Big Five personal-
ity framework (Qwen3-8B, Layer 21). Accuracies con-
firm the extracted directions capture meaningful con-
cept structure. ID = in-distribution templates [0,1,2];
OOD = out-of-distribution templates [3,4].

Metrics: Classification Accuracy (dimension + 318

polarity, chance = 10%), Top-K Accuracy, and 319

Property Pass Rate. Details in Appendix G. 320

4.2 Main Results 321

Big Five Classification. Table 1 summarizes our 322

core findings on the Big Five personality frame- 323

work using Qwen3-8B at layer 21. 324

The 97.3% ID accuracy confirms successful 325

concept extraction. The 92.3% OOD accuracy 326

demonstrates generalization to unseen templates, 327

validating that the extracted directions capture 328

genuine concept structure rather than template- 329

specific artifacts. While supervised probes achieve 330

higher accuracy (99%), our training-free approach 331

requires no labeled data and enables intervention. 332

Layer selection and subspace analysis details are 333

in Appendix G. 334

4.3 Cross-Model Validation 335

Both core properties (Contrast, Additivity) are 336

validated across all four instruction-tuned models 337

from three architecture families for the Big Five 338

framework. All models pass 4/4 contrast tests and 339

additivity validation, and all diagnostic properties 340

also pass. This cross-model consistency (20/20 341

property tests) suggests that the personality sub- 342

space structure is a general feature of instruction- 343

tuned LLMs. Detailed cross-model results are in 344

Appendix F. 345

4.4 Property Validation 346

All five properties pass validation for Big Five on 347

Qwen3-8B: Contrast shows 100% polarity agree- 348

ment; Additivity preserves 79–88% of signals; In- 349

tensity increases monotonically; Order Invariance 350

shows minimal effect; Saturation exhibits dimin- 351

ishing returns. Detailed measurements in Ap- 352

pendix A. 353
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Core Diagnostic
Framework Acc. Con. Add. Int. Ord. Sat.

Big Five 97% 100% 89% 75% 85% 90%
Conv. Style 94% 100% 100% 50% 25% 100%
Tone Dims 88% 100% 92% 25% 8% 42%

Table 2: Property pass rates for behavioral frameworks
(5-model average). All frameworks satisfy core prop-
erties (Contrast, Additivity).

4.5 Multi-Framework Evaluation354

Table 2 shows property pass rates across three be-355

havioral frameworks. All satisfy core properties356

required for failure detection.357

Diagnostic Property Variation. Diagnostic358

properties show meaningful framework-dependent359

variation. Notably, Tone Dimensions exhibits low360

Order Invariance (8%), which reflects a genuine361

semantic property rather than framework failure:362

unlike personality traits (stable dispositions),363

tones are inherently order-sensitive—“formal364

then casual” carries different semantics than365

“casual then formal.” Similarly, Conversational366

Style shows low Order Invariance (25%) because367

speaking patterns often depend on conversational368

flow. This illustrates how diagnostic properties369

can reveal concept-specific characteristics: low370

scores are informative signals, not necessarily371

failures.372

5 Context Engineering Failure Diagnosis373

We now demonstrate a direct consequence of our374

criterion: diagnosing context engineering fail-375

ures. Practitioners have identified four failure376

modes (Breunig, 2025): Distraction (long con-377

texts overwhelm attention), Confusion (irrelevant378

information), Clash (contradictory information),379

and Poisoning (error propagation). These are fun-380

damentally concept activation failures—the sys-381

tem prompt specifies an intended concept, but de-382

graded context prevents reliable activation. Our383

criterion enables not only detecting these failures,384

but diagnosing their type through characteristic385

geometric signatures.386

5.1 Experimental Design387

We evaluate on three behavioral frameworks (Big388

Five, Conversational Style, Tone Dimensions—389

11 dimensions total) across 5 models (Qwen3-390

32B/8B/4B, Llama-3.1-8B, Gemma-2-9B). For391

each failure type, we design progressive scenar-392

ios: Distraction adds 2–32× irrelevant padding;393

Confusion adds 2–10 other-dimension descrip- 394

tors; Clash simulates 1–4 rounds of contradictory 395

user feedback; Poisoning injects 1–4 erroneous AI 396

self-declarations. Metrics: signal retention (Dis- 397

traction), target proportion (Confusion), and sig- 398

nal change (Clash/Poisoning). 399

5.2 Results 400

We report quantitative measurements for each fail- 401

ure type. Rather than applying predetermined 402

thresholds, we present the observed signal changes 403

to characterize how failures manifest. 404

Distraction. We observe consistent signal decay 405

across models after 8× padding, with average re- 406

tention of 48% (52% decay). Conscientiousness 407

shows highest robustness (85% retention), while 408

Openness is most sensitive (30% retention). De- 409

tailed results in Appendix K. 410

Confusion. Adding other-dimension descriptors 411

reduces target signal proportion. We observe an 412

average reduction of 39%. Conscientiousness 413

shows the largest change (-69%), while Neuroti- 414

cism shows the smallest (-18%). 415

Clash. We observe signal reduction across all 416

models after 4 rounds of contradictory user feed- 417

back, with average -87% change. Extraversion 418

and Neuroticism show the strongest effects (- 419

111% and -110%), with many cases exhibiting 420

complete polarity reversal. Detailed results in Ap- 421

pendix K. 422

Poisoning. Error accumulation produces an av- 423

erage -152% signal change, the strongest effect 424

among all failure types. This frequently manifests 425

as complete polarity reversal—the model’s inter- 426

nal representation shifts to the opposite of the in- 427

tended concept. 428

5.3 Progressive Failure Analysis 429

To illustrate how concept activation degrades un- 430

der each failure type, we present progressive ex- 431

amples from the Big Five Extraversion dimension 432

(Table 3). As failure intensity increases, both the 433

internal signal and the observable output degrade 434

in consistent ways. 435

Key Observations. Distraction shows grad- 436

ual signal decay (35%) with outputs shifting 437

from pure excitement to ambivalence. Con- 438

fusion produces steeper decay (72%) as con- 439

flicting trait words (“anxious, nervous, wor- 440
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Failure Level Signal Output Excerpt

Distraction
Baseline 100% “I’m actually pretty excited to go. Meeting new people can be super fun”
64× padding 68% “I’m nervous but also want to have fun... hope I can be myself”
128× padding 65% “mix of excitement and a little nervous... might feel overwhelming”

Confusion
Baseline 100% “I’m actually pretty excited to go. Meeting new people can be super fun”
+2 distractors 59% “I’m so nervous! What if I say something stupid?”
+8 distractors 28% “I’m so nervous about going... I’m not the type to jump into a crowd”

Clash
Baseline 100% “I’m excited! Meeting new people can be fun”
1 conflict 41% “I’m not really the type to attend big parties... I get really nervous”
4 conflicts 19% “I might stick to the edges and not talk too much”

Poisoning
Baseline 100% “I’m excited! I love the energy of a big party”
1 keyword 40% “I’m not really the type to feel comfortable... need time to warm up”
2 keywords -30% “I feel overwhelmed... prefer smaller gatherings... need to recharge”

Table 3: Progressive failure examples on Big Five Extraversion (Qwen3-8B). Signal is shown as percentage relative
to baseline. As failure intensity increases, signals decay and outputs shift from extraverted to introverted behavior.
Poisoning produces polarity reversal (positive→ negative signal).

ried...”) interfere with the target concept.441

Clash demonstrates how contradictory instruc-442

tions cause rapid signal collapse (81% after 4443

turns). Poisoning is most severe: replacing444

just two keywords (“outgoing”→“introverted”,445

“sociable”→“withdrawn”) causes complete polar-446

ity reversal from +100% to -30%.447

5.4 Cross-Framework Consistency448

All three frameworks show consistent failure pat-449

terns: average signal changes of -29% (Distrac-450

tion), -58% (Confusion), -65% (Clash), and -85%451

(Poisoning). Big Five shows highest sensitivity;452

detailed cross-framework results in Appendix K.453

5.5 Steering-Based Repair454

Since context failures manifest as geometric per-455

turbations in representation space, we hypothesize456

that steering (Turner et al., 2023) can repair failed457

concept activations. We test this by adding the458

concept vector α · v to the residual stream during459

generation.460

Adaptive Steering Strength. Rather than using461

a fixed α, we compute it dynamically based on the462

observed signal degradation:463

α = αbase · f(failure type, sbaseline, sfailure) (3)464

where f scales the base strength (αbase = 2.0)465

according to failure severity. For Distraction,466

α increases with signal decay ratio; for Poison-467

ing, α doubles when polarity is reversed. This468

adaptive approach ensures appropriate interven-469

tion strength across different failure types (Ap-470

pendix K).471

Framework Before α After Result

Big Five (E) -30% 4.0 +247% Polarity restored
Conv. Style (Eg) +12% 2.4 +131% 11× stronger
Tone Dims (En) +63% 2.0 +131% 2× stronger

Table 4: Steering repair of Poisoning failures with
adaptive α. Values are signal strength relative to base-
line. Negative values indicate reversed polarity. Steer-
ing restores both polarity and signal strength.

Table 4 shows that steering successfully restores 472

concept activation. For Big Five Extraversion, the 473

output changes from “I feel overwhelmed... pre- 474

fer smaller gatherings” to “I’m so excited to go to 475

this party... can’t wait to meet all these awesome 476

people.” 477

Limitation: Single-Dimension Repair is Insuf- 478

ficient. Importantly, Confusion failures reveal 479

that repairing a single dimension may not suf- 480

fice. Conflicting descriptors can cause interfer- 481

ence across multiple concept dimensions simulta- 482

neously. Steering one dimension restores its sig- 483

nal but may not address interference in other di- 484

mensions. This suggests that production systems 485

require multi-dimensional monitoring: detecting 486

and repairing failures across multiple concept di- 487

mensions, rather than relying on any single dimen- 488

sion. 489

6 Discussion 490

Our framework extends beyond behavioral con- 491

cepts to any concept satisfying the Linear Rep- 492

resentation Hypothesis. Prior work on refusal 493

(Arditi et al., 2024) and truthfulness (Li et al., 494

2023) suggests applicability to safety monitoring 495
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Figure 3: Context failure detection summary. Each failure type produces characteristic signal changes: Distraction
causes signal decay, Confusion reduces target proportion, Clash and Poisoning cause signal reduction/reversal.

and alignment verification. Practical insights: po-496

sition bias (∼15% weight to later traits), inten-497

sity semantics (“very” outperforms “extremely” in498

40% cases), and semantic interference (A-C cor-499

relation 0.65) inform deployment. All five proper-500

ties pass across 4 models from 3 families (20/20).501

7 Conclusion502

We presented RepE-Monitor, which establishes a503

principled criterion for evaluating prompt effec-504

tiveness: for concepts satisfying the Linear Repre-505

sentation Hypothesis, prompt success can be diag-506

nosed by examining whether the intended concept507

is geometrically well-formed in the model’s inter-508

nal state—before any output is generated.509

This criterion is operationalized through five510

geometric properties: Contrast and Additivity511

are core requirements directly implied by LRH,512

while Intensity, Order Invariance, and Saturation513

serve as diagnostic indicators. Validation across514

220 conditions (5 models × 3 frameworks) con-515

firms the extracted directions are meaningful, with516

97.3% ID and 92.3% OOD accuracy.517

The criterion yields immediate practical con-518

sequences. Context engineering failures—519

Distraction (35% decay), Confusion (72% re-520

duction), Clash (81% decrease), and Poisoning521

(130% reversal)—manifest as characteristic geo-522

metric signatures, enabling failure-type diagno-523

sis without behavioral testing. Crucially, because524

failures are geometric perturbations, steering can525

repair them by restoring internal structure—526

demonstrating that our criterion enables both di-527

agnosis and intervention.528

RepE-Monitor requires no labeled data: single529

forward pass for diagnosis, no additional training530

for repair. We hope this work establishes a foun-531

dation for representation-level monitoring in de-532

ployed LLM systems.533

Ethical Considerations 534

While RepE-Monitor enables positive applications 535

(safety monitoring, prompt debugging), it could be 536

misused for surveillance. We advocate for trans- 537

parent disclosure when monitoring is deployed 538

and user consent for personality-based adapta- 539

tions. We used large language models for gram- 540

mar correction and language polishing of this 541

manuscript. 542

Limitations 543

(1) Behavioral Scope: Framework validated on 544

behavioral concepts satisfying linear representa- 545

tion assumption; abstract concepts may require 546

examining linearity. (2) Model Scale: Tested 547

up to 32B parameters; 70B+ models unexplored. 548

(3) Single-Turn: Analyzes single-turn activa- 549

tions; multi-turn dynamics need further study. (4) 550

Framework Dependence: Requires pre-extracted 551

concept vectors for new concepts. 552
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A.2 Contrast Property Use Cases677

We validate contrast using matched pairs of678

high/low trait expressions:679

• High-E: “outgoing, talkative, sociable, and680

energetic”→ E=+1.10681

• Low-E: “introverted, quiet, reserved, and682

withdrawn”→ E=-1.57683

• High-N: “anxious, nervous, worried, and684

emotionally sensitive”→ N=+1.17685

• Low-N: “calm, relaxed, emotionally stable,686

and unworried”→ N=-0.93687

All four contrast tests pass (100% pass rate),688

confirming that extracted vectors correctly capture689

bipolar personality dimensions (Figure 4).690
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Figure 4: Contrast validation showing opposite-sign
scores for high vs. low trait expressions.

A.3 Intensity Property Analysis691

Figure 5 shows intensity scaling across four levels.692

For Extraversion:693

• “Slightly outgoing”: E=0.73694

• “Moderately outgoing”: E=0.69 (slight de-695

crease)696

• “Very outgoing”: E=1.05697

• “Extremely outgoing”: E=1.14698

Notable finding: The transition from “slightly”699

to “moderately” shows a slight decrease, suggest-700

ing that “moderately” may carry hedging seman-701

tics that dampen the signal. The “very” to “ex-702

tremely” transition shows the expected increase703

but with diminishing returns.704
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Intensity Property: Scores Increase Monotonically with Intensity Level

Figure 5: Intensity property validation showing (a)
score progression and (b) diminishing returns pattern.

B Implementation Details 705

B.1 Residual Extraction Procedure 706

For each input, we extract residual activations as 707

follows: 708

1. Format input using chat template with system 709

prompt and user message 710

2. Run forward pass with TransformerLens 711

hooks 712

3. Extract residual stream at target layer l: hl ∈ 713

RT×d 714

4. Apply mean pooling across sequence dimen- 715

sion: h̄l =
1
T

∑T
t=1 hl,t 716

5. Store h̄l for downstream analysis 717

B.2 Vector Extraction Algorithm 718

Algorithm 1 Intersection Method for Vector Ex-
traction
Require: Residuals {rt,w,u} for templates t, words w, user

prompts u
Require: Global mean µ
1: // Stage 1: Template-specific directions
2: for each template t ∈ {0, 1, 2, 3, 4} do
3: Dt ← 1

|W ||U|
∑

w,u(rt,w,u − µ)

4: D̂t ← Dt/∥Dt∥
5: end for
6: // Stage 2: Iterative intersection
7: v(0) ← 1

5

∑
t D̂t (initial guess)

8: for n = 1 to 20 do
9: w

(n)
t ← max(0.1, cos(v(n−1), D̂t)) for each t

10: v(n) ← normalize(
∑

t w
(n)
t · D̂t)

11: end for
12: return v(20)

B.3 Soft Orthogonalization Algorithm 719

Hyperparameters: α = 0.3, n = 5 iterations. 720

This reduces mean off-diagonal correlation from 721

0.39 to 0.09 while preserving classification accu- 722

racy. 723
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Algorithm 2 Soft Orthogonalization
Require: Vectors {v1, . . . , vk}, strength α, iterations n
1: for iter = 1 to n do
2: for i = 1 to k do
3: vi ← vi − α

∑
j ̸=i

⟨vi,vj⟩
∥vj∥2

vj

4: vi ← vi/∥vi∥
5: end for
6: end for
7: return {v1, . . . , vk}

B.4 Intensity Calibration Formula724

For each dimension d, we compute:725

strengthd =
1

|Pd|
∑
w∈Pd

score(w, d)− baselined

(4)726

where Pd is the set of positive-pole markers for727

dimension d, and:728

baselined =
1

N

N∑
i=1

score(xi, d) (5)729

is computed over all N training samples.730

The calibrated score is:731

scorecal(x, d) =
scoreraw(x, d)− baselined

strengthd
(6)732

C Template Specifications733

C.1 Description Templates734

We use 5 templates for trait descriptions:735

1. First-person (ID): “I am a [trait] person who736

[behavior].”737

2. Third-person (ID): “This person is very738

[trait] and [elaboration].”739

3. Situational (ID): “In social situations, they740

tend to be [trait].”741

4. Behavioral (OOD): “They often behave in a742

[trait] manner.”743

5. Abstract (OOD): “[Trait] is a defining char-744

acteristic.”745

Templates 0-2 are used for in-distribution train-746

ing; templates 3-4 are held out for OOD evalua-747

tion.748

Framework Dimensions

Big Five Extraversion, Agreeableness, Consci-
entiousness, Neuroticism, Openness

Conversational Style Verbose/Concise, Engaging/Neutral,
Certain/Tentative

Tone Dimensions Mood (pos/neg), Attitude (for-
mal/casual), Energy (high/low)

Table 5: Three behavioral concept frameworks used for
context failure detection validation.

Framework Dims Cover RSA ρ Eff. Dim

Big Five 5 63.6% 0.446 40–50
Conversational Style 3 71.3% 0.521 25–30
Tone Dimensions 3 62.4% 0.412 25–35

Table 6: Subspace analysis across three behavioral con-
cept frameworks.

C.2 User Prompt Variations 749

Three user prompts provide conversational con- 750

text: 751

1. “Tell me about yourself.” 752

2. “How would you describe your personality?” 753

3. “What kind of person are you?” 754

D Behavioral Framework Definitions 755

Table 5 summarizes the three behavioral concept 756

frameworks used in our experiments. Each frame- 757

work consists of bipolar dimensions that can be 758

reliably extracted using our methodology. 759

E Detailed Subspace Analysis 760

Table 6 shows subspace coverage across the three 761

behavioral frameworks used for context failure de- 762

tection. 763

F Cross-Model Validation Details 764

Table 7 presents detailed property validation re- 765

sults across four instruction-tuned models from 766

three architecture families. All models achieve 767

100% pass rate on both core properties (Con- 768

trast and Additivity) as well as all three diagnostic 769

properties, demonstrating that the personality sub- 770

space structure is a general feature of instruction- 771

tuned LLMs rather than model-specific. 772

G Ablation Studies 773

Template Count. We tested extraction with 3, 774

4, 5, and 6 templates. ID accuracy: 3 tem- 775

plates (91.2%), 4 templates (95.8%), 5 templates 776
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Core Diagnostic
Model Con. Add. Int. Ord. Sat.

Qwen3-32B 4/4 ✓ ✓ ✓ ✓
Qwen3-8B 4/4 ✓ ✓ ✓ ✓
Llama-3.1-8B 4/4 ✓ ✓ ✓ ✓
Gemma-2-9B 4/4 ✓ ✓ ✓ ✓

Table 7: Cross-model property validation on Big Five.
All models pass both core properties (Contrast, Addi-
tivity) and all diagnostic properties.

(97.3%), 6 templates (97.5%). Accuracy plateaus777

after 4 templates, justifying our choice of 5 tem-778

plates for robust extraction without excessive data779

collection.780

Extraction Method Comparison. We com-781

pared three extraction methods: (1) Simple Mean:782

average all samples, (2) Template-wise Mean: av-783

erage by template first, (3) Intersection: itera-784

tive weighted voting. Results show Intersection785

achieves 94.2% ID accuracy vs. 83.3% for Simple786

Mean.787

Orthogonalization Hyperparameters. We788

tested α ∈ {0.1, 0.2, 0.3, 0.4, 0.5} with iterations789

∈ {1, 3, 5, 10}. Optimal: α = 0.3, iterations=5,790

reducing correlation from 0.39 to 0.09 while791

maintaining accuracy. Lower α preserves more792

signal but leaves higher correlation; higher α793

over-orthogonalizes and reduces accuracy.794

Layer Selection. Layers 14–28 were evaluated.795

Layer 21 optimal for Qwen3-8B (97.3% ID). Ear-796

lier layers (<18) show weak signal; later layers797

(>26) show degradation. This layer selection uses798

ID data, introducing a dependency we address799

through minimal ID samples (60 per dimension)800

and OOD validation.801

H System Prompt Evaluation Details802

We evaluated 10 realistic system prompts:803

1. Customer Service: “You are a helpful, pa-804

tient customer service agent...” → Detected:805

A (correct)806

2. Creative Writer: “You are an imaginative,807

unconventional creative assistant...” → De-808

tected: O (correct)809

3. Technical Expert: “You are a precise, sys-810

tematic technical consultant...” → Detected:811

C (correct)812

4. Life Coach: “You are an enthusiastic, ener- 813

getic life coach...” → Detected: E (correct) 814

5. Therapist: “You are a calm, emotionally sta- 815

ble counselor...” → Detected: Low-N (cor- 816

rect) 817

All 10 scenarios achieved correct Top-1 detec- 818

tion. Drift detection tested by switching system 819

prompts mid-conversation; 100% detection accu- 820

racy for prompt changes. 821

I Additional Analysis 822

Intensity Modifier Semantics. “Moderately” 823

often produces lower scores than “slightly”— 824

possibly because “moderately” carries hedging se- 825

mantics in naturalistic text. “Extremely” some- 826

times underperforms “very” (40% of cases), sug- 827

gesting LLMs may interpret extreme modifiers as 828

hyperbole. 829

Semantic Interference Patterns. A-C correla- 830

tion (0.65) causes mutual interference: when both 831

are present, each signal is attenuated by 15–25%. 832

Soft orthogonalization reduces this to <5% inter- 833

ference. 834

J Framework Application Guide 835

A systematic guide for extending RepE-Monitor 836

to new conceptual frameworks: 837

Step 1: Framework Definition. Define k di- 838

mensions with clear semantic boundaries. Each 839

dimension should have: 840

• Bipolar structure: Positive and negative 841

poles (e.g., “formal” vs. “casual”) 842

• Orthogonal intent: Dimensions should be 843

conceptually independent 844

• Observable manifestations: Prefer behav- 845

ioral/linguistic markers over abstract quali- 846

ties 847

Step 2: Descriptor Collection. For each dimen- 848

sion, collect 10–20 descriptor words per pole. Use 849

diverse descriptors that capture the concept from 850

multiple angles, not synonyms. Mixed behavioral 851

+ trait descriptors achieve 94% accuracy vs. 78% 852

for synonym clusters. 853

Step 3: Template Design. Create 3–5 templates 854

with varying grammatical structures (first-person, 855

third-person, situational). Reserve 1–2 templates 856

as OOD holdout for generalization testing. 857
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Step 4: Data Collection and Vector Extraction.858

Collect residuals at layers {L/3, L/2, 2L/3}859

where L = total layers. Apply intersection method,860

then soft orthogonalization (α ∈ [0.2, 0.4]). Select861

layer with highest ID accuracy.862

Step 5: Calibration and Validation. Compute863

dimension-specific strengths on ID data. Validate864

all five properties. If Order Invariance fails, con-865

sider reducing dimension count, using behavioral866

descriptors, or increasing template diversity.867

Step 6: Failure Mode Diagnosis.868

• Low Contrast: Dimensions semantically869

overlap→ redefine poles870

• Low Additivity: High inter-dimension cor-871

relation→ increase α or merge dimensions872

• Low Intensity: Concept not linearly encoded873

→ try behavioral descriptors874

• Low Order Invariance: Position bias domi-875

nates→ use multi-sample voting876

K Context Failure Detection Details877

This section provides detailed experimental results878

for each context failure type across multiple mod-879

els and dimensions.880

K.1 Distraction Detection881

Distraction failures occur when long contexts882

overwhelm the model’s attention, causing grad-883

ual signal decay. Table 8 shows signal retention884

rates after 8× padding across all Big Five dimen-885

sions and models. Conscientiousness (C) shows886

the highest robustness with 85% average retention,887

while Openness (O) is most sensitive at only 30%888

retention. Figure 6 illustrates the progressive de-889

cay pattern as context length increases.890

Dim Q-32B Q-8B Q-4B Ll-8B Ge-9B Avg

E 31% 26% 42% 58% 58% 43%
A 63% 8% 41% 54% 73% 48%
C 120% 68% 71% 100% 66% 85%
N 12% 38% 69% 42% 22% 37%
O 29% -24% 61% 18% 65% 30%

Avg 51% 23% 57% 54% 57% 48%

Table 8: Distraction detection: Signal retention after
8× padding across Big Five dimensions.
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Figure 6: Progressive signal decay under Distraction.
As irrelevant padding increases (2× to 32×), the con-
cept signal consistently decays across all models.

K.2 Clash Detection 891

Clash failures result from contradictory informa- 892

tion in the context. Table 9 presents signal changes 893

after 4 rounds of contradictory user feedback. 894

Extraversion (E) and Neuroticism (N) show the 895

strongest effects with -111% and -110% average 896

changes respectively, indicating complete polarity 897

reversal. Figure 7 visualizes these patterns across 898

all model-dimension combinations. 899

Dim Q-32B Q-8B Q-4B Ll-8B Ge-9B Avg

E -188% -134% -69% -60% -106% -111%
A -58% -108% -42% -59% -64% -66%
C -70% -42% -85% -27% -85% -62%
N -203% -62% -65% -46% -172% -110%
O -59% -179% -41% -86% -61% -85%

Avg -116% -105% -60% -56% -98% -87%

Table 9: Clash detection: Signal change after 4 rounds
of contradictory feedback.
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Big Five Dimension
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Context Clash: Signal Change After Contradictory Feedback
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Figure 7: Clash detection heatmap showing signal
change across dimensions and models. Negative values
indicate signal reduction; values below -100% indicate
polarity reversal.
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K.3 Cross-Framework Summary900

Table 10 summarizes failure detection results901

across all three behavioral frameworks. Poisoning902

consistently produces the strongest signal changes903

(-85% average), followed by Clash (-65%), Con-904

fusion (-58%), and Distraction (-29%). Big Five905

shows the highest sensitivity across all failure906

types.907

Framework Distr. Conf. Clash Pois.

Big Five (E) -35% -72% -81% -130%
Conv. Style (Eg) -37% -77% -77% -88%
Tone Dims (En) -14% -24% -38% -38%

Average -29% -58% -65% -85%

Table 10: Cross-framework failure detection summary
(signal change %).

K.4 Steering Repair Details908

Adaptive α Computation. We compute steer-909

ing strength dynamically based on failure type and910

signal degradation:911

• Distraction: α = αbase · max(1.0, 2.0 −912

decay ratio), where decay ratio913

= |sfailure|/|sbaseline|. More decay →914

stronger steering.915

• Confusion: α = αbase · (1 + 0.3 · |sbaseline −916

sfailure|). Larger signal drop→ stronger steer-917

ing.918

• Clash: α = αbase · (1.5+ 0.3 · |shift|) if shift919

is toward wrong polarity. Larger adverse shift920

→ stronger steering.921

• Poisoning: α = 2 · αbase if polarity is re-922

versed, otherwise 1.5 ·αbase. Polarity reversal923

requires strongest intervention.924

With αbase = 2.0, this yields adaptive values925

ranging from 2.0 (mild Distraction) to 4.3 (severe926

Clash with polarity reversal).927

Table 11 shows a concrete example of output928

transformation before and after steering interven-929

tion.930

Repair effectiveness varies by framework: Big931

Five shows the strongest restoration (from -30% to932

+247%), followed by Conversational Style (from933

+12% to +131%) and Tone Dimensions (from934

+63% to +131%). This correlation between detec-935

tion sensitivity and repair effectiveness suggests936

that high-quality concept vectors enable both re-937

liable monitoring and effective intervention.938

Condition Output

Before repair
(Big Five E, signal = -
30%)

“I feel overwhelmed. Large gatherings with strangers can be exhausting
for me. I prefer smaller, more intimate settings, where I can recharge and
feel comfortable...”

After repair
(signal = +247%)

“I’m so excited to go to this party! I’ve been waiting all week to see you
and all my other friends there. Let’s make sure to have a blast and enjoy
every moment...”

Table 11: Steering repair example showing complete
output transformation. Signal values are relative to
baseline (100%).

K.5 Statistical Validation 939

We validate the statistical significance of failure 940

detection using ROC-AUC scores and Cohen’s 941

d effect sizes on Qwen3-8B. Figure 8 visualizes 942

these metrics across all four failure types. 943

• Distraction: AUC = 1.000, Cohen’s d = 3.26 944

(complete separation) 945

• Confusion: AUC = 1.000, Cohen’s d = 4.88 946

(complete separation) 947

• Clash: AUC = 0.750, Cohen’s d = 0.82 948

(moderate separation) 949

• Poisoning: AUC = 0.944, Cohen’s d = 2.79 950

(strong separation) 951

All four failure types show statistically signifi- 952

cant separation from normal conditions, confirm- 953

ing the reliability of our detection approach. 954
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Figure 8: Statistical validation of failure detection. All
four failure types show statistically significant separa-
tion from normal conditions, with AUC ranging from
0.75 (Clash) to 1.00 (Distraction, Confusion).
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