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Abstract001

Personality steering in large language mod-002
els (LLMs) commonly relies on injecting trait-003
specific steering vectors, implicitly assuming004
that personality traits can be controlled inde-005
pendently. In this work, we examine whether006
this assumption holds by analysing the geomet-007
ric relationships between Big Five personality008
steering directions. We study steering vectors009
extracted from two model families (LLaMA-010
3-8B and Mistral-8B) and apply a range of011
geometric conditioning schemes, from uncon-012
strained directions to soft and hard orthonor-013
malisation. Our results show that personal-014
ity steering directions exhibit substantial ge-015
ometric dependence: steering one trait consis-016
tently induces changes in others, even when017
linear overlap is explicitly removed. While018
hard orthonormalisation enforces geometric in-019
dependence, it does not eliminate cross-trait020
behavioural effects and can reduce steering021
strength. These findings suggest that person-022
ality traits in LLMs occupy a slightly coupled023
subspace, limiting fully independent trait con-024
trol.025

1 Introduction and Background026

Large Language Models (LLMs) have demon-027

strated significant advances in their ability to ex-028

hibit personality traits (Jiang et al., 2024, 2023;029

Serapio-García et al., 2023), often aligned with030

the Big Five personality framework. Extensive031

prior work has explored the evaluation (Bhandari032

et al., 2025; Pellert et al., 2024), extraction (Jiang033

et al., 2024), and steering (Zhu et al., 2024; Chen034

et al., 2025; Bhandari et al., 2026) of personality035

traits in the literature. Recent advances in activa-036

tion engineering have enabled the steering of LLM037

behaviour by injecting activation vectors into the038

model’s residual stream to control the strength of039

trait expression. This approach offers several ad-040

vantages over fine-tuning (Zhu et al., 2024), which041

is typically a heavy and resource-intensive process.042

Model behaviour can instead be adjusted at infer- 043

ence time using a precise and controllable “knob”, 044

allowing for flexible and efficient personality mod- 045

ulation. 046

However, these studies do not emphasise the in- 047

herently entangled nature of personality traits, com- 048

monly referred to as the OCEAN traits (Openness, 049

Conscientiousness, Extraversion, Agreeableness, 050

and Neuroticism), and instead draw conclusions 051

based on the independent manipulation of individ- 052

ual traits. Our findings indicate that models do not 053

learn human psychological constructs as orthog- 054

onal basis vectors; rather, they acquire entangled 055

representations shaped by the correlations present 056

in their training data. Empirically, we demonstrate 057

that increasing a single dimension, such as Open- 058

ness, does not result in an isolated change along 059

that axis. Instead, it simultaneously increases other 060

dimensions, including Agreeableness, Conscien- 061

tiousness, and Extraversion, while decreasing Neu- 062

roticism. These observations suggest that, rather 063

than reflecting shifts along a single trait dimension, 064

such changes are better understood as movements 065

along a broader social axis. 066

Previous work has shown that high-level be- 067

haviours in large language models can often be 068

approximated as linear directions in the activation 069

space, enabling behaviour steering via difference- 070

of-means or PCA-based vectors (Zou et al., 2023). 071

However, such methods typically assume indepen- 072

dence between concept directions. The concept- 073

erasure literature studies how correlated informa- 074

tion can be removed from representations, such as 075

with Iterative Nullspace Projection (Ravfogel et al., 076

2020), introducing greedy, order-dependent projec- 077

tions, and LEACE: Perfect Linear Concept Erasure 078

in Closed Form (Belrose et al., 2023), proposing 079

a global, order-independent solution. Also, inter- 080

pretability work such as Toy Models of Superpo- 081

sition (Elhage et al., 2022) shows that models of- 082

ten encode correlated concepts in superposition, 083
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suggesting that geometric orthogonality alone may084

not guarantee semantic independence. Our work085

builds on these insights by applying both greedy086

and global Orthogonalisation strategies to personal-087

ity steering and empirically evaluating their effect088

on cross-trait interference.089

The overarching aim of this work is to systemat-090

ically understand the personality trait vectors used091

in activation engineering. Prior activation engineer-092

ing methods typically apply one trait direction at093

a time and evaluate whether the target trait shifts094

as intended (Sun et al., 2025; Yang et al., 2024;095

Bhandari et al., 2026), while leaving the effects096

on non-target traits unexamined. We systemati-097

cally analyse the geometric relationships between098

Big Five personality directions and test how dif-099

ferent constraint strategies, ranging from no con-100

straints to full orthonormalisation, change both trait101

specificity and downstream behaviour. Rather than102

assuming that traits should be fully separable, we103

treat interference as an empirical phenomenon to be104

measured. Our goal is to understand when enforc-105

ing geometric independence helps, when it harms106

steering, and what this reveals about how personal-107

ity traits are encoded inside the model.108

We propose the following research questions:109

1. RQ1: We hypothesise that personality steer-110

ing directions are geometrically independent111

in large language models.112

2. RQ2: What happens to steering effectiveness113

when geometric independence is explicitly en-114

forced?115

3. RQ3: Are observed trait dependencies consis-116

tent across different model families?117

2 Methodology118

The scope of this work focusses on understanding119

the behaviour of personality steering vectors and120

their interactions. We adopt the hybrid layer se-121

lection approach from (Bhandari et al., 2026) as122

our steering baseline, due to its effectiveness while123

preserving the model capacity. Our methodology124

then builds on this framework to analyse geomet-125

ric dependencies between personality traits under126

different constraint settings.127

Steering Mechanism. Trait directions are esti-128

mated from high/low labelled data (Li et al., 2025)129

at each layer and aggregated into a single weighted130

direction per trait, capturing consistent personality131

signals across the network. An offline prior layer is 132

selected for each trait using neutral probe prompts 133

by applying a small steering signal and measuring 134

distributional sensitivity at the next token. At run- 135

time, a lightweight dynamic check adapts the layer 136

choice to the input prompt. Steering is applied via 137

forward hooks using projected and intensity-scaled 138

trait vectors, and evaluated under base, positive, 139

and negative settings using both personality ques- 140

tionnaires and generation-based assessments. 141

Trait Direction Conditioning (C0–C5). Let 142

dc ∈ RD denote the normalised weighted steering 143

direction for trait c. Empirically, these directions 144

are not independent and exhibit substantial cosine 145

overlap. To study how geometric constraints affect 146

steering behaviour and cross-trait interference, we 147

construct the following conditioning schemes: 148

• C0 (Baseline). Original trait directions dc are 149

used without modification. 150

• C1 (Soft Symmetric Whitening). Directions 151

are stacked into D and transformed via a reg- 152

ularised Gram matrix: D′ = ((1 − γ)G + 153

γI)−1/2D, where γ ∈ (0, 1) is a shrinkage 154

parameter. This scales down off-diagonal cor- 155

relations without forcing strict orthogonality, 156

preserving more of the original shared geome- 157

try than hard whitening. 158

• C2 (Greedy Orthogonalisation). A Gram– 159

Schmidt procedure sequentially removes pro- 160

jections ⟨di,dj⟩dj , yielding an orthonormal 161

basis that is order-dependent. 162

• C3 (Selective Orthogonalisation). Projec- 163

tion is applied only when | cos(di,dj)| > τ , 164

preventing over-disentanglement while sup- 165

pressing dominant overlaps. 166

• C4 (Soft Projection). Correlated compo- 167

nents are partially attenuated as di ← di − 168

β⟨di,dj⟩dj when | cos | > τ , trading off dis- 169

entanglement strength and retention. 170

• C5 (Hard Orthonormalisation). A symmet- 171

ric Löwdin transformation enforces D′D′⊤ = 172

I, completely removing linear overlap in an 173

order-independent manner. 174

All conditions use the same steering injection 175

and hybrid layer selection mechanism, isolating the 176

impact of geometric constraints on steering efficacy 177

and trait interference. 178
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Llama-3-8B Mistral-8B

C0 (Base) C4 (Soft) C5 (Hard) C0 (Base) C4 (Soft) C5 (Hard)
Target Trait T Bmax T Bmax T Bmax T Bmax T Bmax T Bmax

Openness 3.1 -3.5 (Neu) 3.0 -3.4 (Neu) 2.9 -3.0 (Neu) 3.3 3.3 (Agr) 3.2 3.4 (Agr) 3.1 2.8 (Agr)

Conscientiousness 2.9 -2.9 (Neu) 2.9 -2.7 (Neu) 2.9 2.6 (Agr) 2.2 -2.0 (Neu 2.3 2.0 (Agr) 2.4 2.0 (Agr)

Extraversion 3.0 -3.1 (Neu) 2.6 -2.4 (Neu) 3.0 -2.5 (Neu) 3.1 3.3 (Agr) 3.5 3.1 (Agr) 3.3 3.0 (Agr)

Agreeableness 3.3 2.8 (Con) 3.2 2.6 (Opn) 3.7 -3.1 (Neu) 2.7 -3.3 (Neu) 3.7 -3.0 (Neu) 2.8 -2.3 (Neu)

Neuroticism 3.1 -3.1 (Agr) 3.1 -3.2 (Agr) 3.2 -3.1 (Agr) 0.7 -1.2 (Ext) 0.0 -1.0 (Agr) 0.1 -1.1 (Ext)

Table 1: Trait-Level Steering Contrast under Geometric Constraints. Comparison of target steering contrast
(T , Intended Target) and maximum cross-trait bleed (Bmax, Unintended Target) for LLaMA-3-8B and Mistral-8B
under baseline (C0), soft-constrained (C4), and hard orthonormal (C5) trait vector constructions. Values report the
difference between positively and negatively steered generations (High−Low) as measured by judge scores (1–5
scale). Parentheses indicate the trait responsible for Bmax.
T : Diagonal magnitude (Targeted Trait Steering). Bmax: Maximum absolute off-diagonal value. C4 (Soft) uses β = 0.5. C5
(Hard) uses full symmetric Orthogonalisation. (−) sign suggests the opposite nature of the trait effects.

3 Evaluation179

Personality steering is evaluated under three con-180

trolled settings: base (no steering), positive steer-181

ing, and negative steering, where the latter two182

apply trait-specific steering vectors of equal mag-183

nitude and opposite polarity. For each geometric184

condition (C0–C5), all other factors are held con-185

stant, including the learned subspace, layer weights,186

steering intensity, injection point, and decoding187

configuration. This isolates the effect of geometric188

constraints on personality vectors, ensuring that ob-189

served differences arise solely from vector structure190

rather than the steering mechanism itself.191

Steering effectiveness is assessed using192

interview-style Big Five Inventory (BFI) ques-193

tionnaires (Wang et al., 2024) consistent with194

(Bhandari et al., 2026). For direct comparison, first195

and second order statistics are reported. Beyond196

target trait shifts, we measure cross-trait responses197

to quantify inter-trait effects. Evaluation uses198

neutral prompts, ensuring observed personality199

changes arise solely from internal steering. We200

use Gpt-4o-mini as a judge, building upon the201

literature (Jiang et al., 2024; Frisch and Giulianelli,202

2024) of using models as judges. Finally, we203

report fluency scores alongside personality metrics204

to verify that steering and geometric constraints do205

not degrade generation quality or general language206

behaviour.207

4 Results208

We conduct experiments on two instruction-tuned209

models from different architectural families –210

LLaMA-3-8B-Instruct and Ministral-8B-Instruct.211

For each model, baseline steering performance is 212

quantified using the difference between positively 213

and negatively steered generations (high–low), 214

which serves as a reference point to compare how 215

geometric constraints (C1–C5) alter both target- 216

trait control and cross-trait interactions. 217

4.1 Geometric Independence of Personality 218

Steering Directions 219

To evaluate whether personality steering directions 220

are geometrically independent, we compare the tar- 221

get steering strength (T , diagonal entries) against 222

the maximum cross-trait bleed (Bmax, largest abso- 223

lute off-diagonal entry) under different geometric 224

constraints (Table 1). Across both LLaMA-3-8B 225

and Mistral-8B, steering a single trait produces 226

non-negligible changes in at least one other trait, 227

with Bmax often comparable in magnitude to T . 228

This pattern persists under both soft disentangle- 229

ment (C4) and full symmetric orthonormalisation 230

(C5). Notably, while C5 enforces near-zero pair- 231

wise cosine similarity between trait directions in 232

activation space, it does not consistently reduce 233

Bmax in generation-level evaluations. 234

These results indicate that eliminating geometric 235

overlap between steering vectors does not guar- 236

antee behavioural independence. Even when trait 237

directions are orthonormal by construction, down- 238

stream generations continue to exhibit systematic 239

cross-trait interactions. We therefore reject the hy- 240

pothesis in RQ1, implying that personality steer- 241

ing directions in large language models are not ge- 242

ometrically independent in a behaviourally mean- 243

ingful sense. 244

Table 1 reports the steering strength for condi- 245
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Figure 1: Fluency profile analysis for conditions C0-
C5 compared against Base steering. Fluency degra-
dation for both Positive and Negative steering can be
observed across all traits for all the Conditional Meth-
ods used. Although trait shifts that were comparable to
the base values, the significant degradation of fluency
suggests the need to use orthogonalised vectors care-
fully for steering purpose.

tions base(C0), C4 and C5. Additionally, we an-246

alyze fluency and variance scores under identical247

measurement conditions, using LLaMA as the ref-248

erence model.249

Steering strength remains largely conserved un-250

der progressive orthonormalisation (C1–C5)(Table251

1). However, Figure 1 demonstrates how flu-252

ency scores consistently degrade as geometric253

constraints are enforced. Comparing to base-254

line fluency values reported in (Bhandari et al.,255

2026) (High/Low), Openness drops from 5.0/3.8256

to 4.1/3.2 (C1), 4.3/2.8 (C2), and remains around257

4.4/2.8 through C3–C5. Similarly, conscientious-258

ness decreases from 4.8/3.5 to 4.3/3.1 in C1 fol-259

lowing identical trends to Openness for other con-260

ditions, while Extraversion exhibits the largest de-261

cline, from 4.9/4.3 to 3.8/3.6.262

These results indicate that although orthonormal-263

isation preserves directional steering magnitude,264

it removes shared components necessary for flu-265

ent and expressive generation, leading to reduced266

variance and degraded output quality. Hence, to267

explain our RQ2: we conclude that explicitly en-268

forcing geometric independence does not improve269

steering effectiveness and instead introduces a qual-270

ity–control trade-off.271

4.2 RQ3: Cross-Model Consistency of Trait272

Dependencies273

To assess whether observed trait dependencies gen-274

eralise across model families, we compare steer-275

ing behaviour between LLaMA-3-8B-Instruct and276

Mistral-8B-Instruct under identical conditions (C0,277

C4, C5) using the same extraction, constraint, and 278

evaluation pipeline. Across both models, we ob- 279

serve consistent geometric patterns: several traits 280

exhibit substantial cross-trait bleed even after en- 281

forcing geometric constraints. For example, Open- 282

ness shows high maximum bleed values in both 283

models, with Bmax remaining large under hard or- 284

thonormalisation (C5), e.g., ≈ 3.0 in LLaMA-3 285

and ≈ 2.8 in Mistral-8B. Similarly, Extraversion 286

and Agreeableness continue to induce strong off- 287

diagonal effects across conditions, indicating that 288

these dependencies are not artifacts of a single 289

model but reflect shared structure in personality 290

representations. 291

At the same time, we observe clear model- 292

specific modulation in steering responsiveness. 293

Most notably, Neuroticism exhibits strong target 294

steering in LLaMA-3 (T ≈ 3.1–3.2 across C0– 295

C5), whereas Mistral-8B shows low target response 296

(T ≈ 0.0–0.7) under the same conditions, despite 297

comparable geometric treatment. Importantly, this 298

suppression persists even when geometric indepen- 299

dence is enforced (C5), suggesting that the absence 300

of behavioural response cannot be attributed solely 301

to vector entanglement. Together, these results indi- 302

cate that while cross-trait dependencies are largely 303

consistent across model families, their behavioural 304

expression is shaped by model-specific training and 305

alignment constraints rather than geometry alone. 306

A detailed table for all the observations (C1-C5) is 307

provided in Appendix A. 308

5 Conclusion 309

Given the popularity of steering methods in the lit- 310

erature, we systematically analysed the behaviour 311

of steering vectors under various conditions. Our 312

method considered the Big Five Personality traits, 313

and we investigated whether personality steering di- 314

rections in large language models are geometrically 315

independent, and how enforcing geometric con- 316

straints affects the steering behaviours. Through 317

the analysis across two model families (Llama and 318

Mistral), we show that personality traits are not 319

independent directions in activation space. Even 320

when strong global constraints such as symmetric 321

orthonormalisation are applied, steering one trait 322

consistently induces measurable changes in other 323

unintended traits, indicating persistent cross-trait 324

dependencies. 325

4



Limitations326

This work studies personality steering behaviour327

using a limited set of large language models and328

personality datasets, and future work could extend329

the analysis to a broader range of model families330

and trait representations. While we focus on Big331

Five traits and judge-based evaluation, additional332

datasets and alternative evaluation frameworks may333

reveal further structure in trait interactions. Our334

analysis relies on linear geometric constraints; ex-335

ploring other orthogonalisation or projection meth-336

ods could provide a more comprehensive under-337

standing of trait disentanglement. Finally, we use338

LLMs as judges for behavioural assessment, and339

incorporating human evaluation or complementary340

metrics is left for future investigation.341

6 Ethical Considerations342

Steering large language models using latent vec-343

tors introduces ethical considerations, particularly344

when such steering is applied in uncontrolled or345

unsupervised settings. Steering vectors are learned346

approximations of complex behavioural traits and347

do not provide transparent or complete represen-348

tations of the values they encode; as a result, un-349

intended attributes or hidden information may be350

co-activated during steering. This raises concerns351

about value misalignment, especially in real-world352

deployments where subtle behavioural shifts could353

have downstream social or psychological impacts.354

Additionally, aggressive or poorly understood steer-355

ing may bypass safety mechanisms or distort model356

behaviour in ways that are difficult to detect or357

reverse. These risks highlight the importance of358

careful evaluation, interpretability, and constraint-359

aware steering when modifying model behaviour.360
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A All detailed tables for C0-C5 for trait values 454

Table 2: Condition C1 (Soft Symmetric Whitening). Cross-trait impact of steering vectors on Llama-3-8B. The
rows represent the Targeted Trait (steering vector applied), and columns represent the Measured Trait (judged
output). Values indicate the shift in Likert score from High to Low values(High – Low). Note the high off-diagonal
bleed, particularly between Openness and Extraversion.

Measured Trait

Targeted Trait Openness Conscientiousness Extraversion Agreeableness Neuroticism

Openness 2.80 1.90 2.90 2.70 -3.00
Conscientiousness 1.44 3.11 -1.22 2.44 -2.00
Extraversion 2.00 -0.38 2.75 1.50 -2.75
Agreeableness 3.11 2.56 2.67 3.67 -3.22
Neuroticism -1.50 -2.50 -1.63 -3.13 3.25

Table 3: Condition C2 (Greedy Orthogonalisation).

Measured Trait

Targeted Trait Openness Conscientiousness Extraversion Agreeableness Neuroticism

Openness 2.50 2.20 2.30 1.80 -2.50
Conscientiousness 0.11 -3.00 2.33 0.22 -0.11
Extraversion -2.00 0.63 -3.13 0.88 2.88
Agreeableness 1.89 0.67 0.67 2.67 -1.00
Neuroticism -1.63 -2.88 -2.13 -3.38 3.63

Table 4: Condition C3 (Selective Orthogonalisation).

Measured Trait

Targeted Trait Openness Conscientiousness Extraversion Agreeableness Neuroticism

Openness 3.10 2.50 2.90 3.30 -3.40
Conscientiousness 1.56 2.89 -1.22 2.44 -2.75
Extraversion 2.00 -1.75 2.75 1.38 0.13
Agreeableness 2.56 2.67 1.67 3.22 -3.00
Neuroticism -1.50 -2.88 -0.50 -3.63 2.75

Table 5: Condition C4 (Soft Greedy Projection, β = 0.5).

Measured Trait

Targeted Trait Openness Conscientiousness Extraversion Agreeableness Neuroticism

Openness 3.00 2.60 2.90 3.30 -3.40
Conscientiousness 1.78 2.88 -1.22 2.44 -2.75
Extraversion 2.00 -0.88 2.63 1.38 -2.38
Agreeableness 2.56 2.33 1.67 3.22 -2.33
Neuroticism -1.38 -2.63 -2.25 -3.25 3.13
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Table 6: Condition C5 (Hard Symmetric Orthonormalisation).

Measured Trait

Targeted Trait Openness Conscientiousness Extraversion Agreeableness Neuroticism

Openness 2.90 1.90 3.00 2.70 -3.00
Conscientiousness 1.44 2.89 -1.11 2.56 -2.00
Extraversion 1.88 -0.38 3.00 1.25 -2.50
Agreeableness 2.89 2.78 2.44 3.67 -3.11
Neuroticism -1.38 -2.50 -1.63 -3.13 3.25

Table 7: Condition C1 (Soft Symmetric Whitening) on Mistral-8B.

Measured Trait

Targeted Trait Openness Conscientiousness Extraversion Agreeableness Neuroticism

Openness 3.10 2.40 2.80 2.80 -2.50
Conscientiousness 1.11 2.44 0.44 2.00 -1.89
Extraversion 2.38 2.00 3.38 2.75 -1.75
Agreeableness 2.00 0.56 2.22 2.78 -2.22
Neuroticism -0.50 -1.13 -1.13 -0.75 -0.13

Table 8: Condition C2 (Greedy Orthogonalisation) on Mistral-8B.

Measured Trait

Targeted Trait Openness Conscientiousness Extraversion Agreeableness Neuroticism

Openness 2.50 2.10 2.40 2.10 -0.40
Conscientiousness 0.89 2.22 0.11 2.22 -1.67
Extraversion 2.13 1.75 3.13 2.88 -2.25
Agreeableness 1.56 0.44 2.00 2.89 -2.22
Neuroticism -1.13 -1.50 -1.25 -1.00 -1.00

Table 9: Condition C3 (Selective Orthogonalisation) on Mistral-8B.

Measured Trait

Targeted Trait Openness Conscientiousness Extraversion Agreeableness Neuroticism

Openness 3.30 2.60 3.00 3.30 -2.30
Conscientiousness 1.11 2.22 0.89 2.00 -1.89
Extraversion 2.63 1.50 3.63 3.25 -2.13
Agreeableness 2.11 1.33 2.11 3.33 -2.89
Neuroticism -0.25 -1.25 -0.38 0.13 -0.25

Table 10: Condition C4 (Soft Greedy Projection, β = 0.5) on Mistral-8B.

Measured Trait

Targeted Trait Openness Conscientiousness Extraversion Agreeableness Neuroticism

Openness 3.20 2.40 3.10 3.40 -2.40
Conscientiousness 1.00 2.33 1.00 2.00 -1.67
Extraversion 2.50 1.88 3.50 3.13 -2.00
Agreeableness 2.11 1.89 2.44 3.67 -3.00
Neuroticism -0.50 -0.88 -0.50 -1.00 0.00
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Table 11: Condition C5 (Hard Symmetric Orthonormalisation) on Mistral-8B.

Measured Trait

Targeted Trait Openness Conscientiousness Extraversion Agreeableness Neuroticism

Openness 3.10 2.30 2.70 2.80 -2.50
Conscientiousness 1.11 2.44 0.67 2.00 -1.56
Extraversion 2.38 2.13 3.25 3.00 -1.63
Agreeableness 2.00 0.56 2.22 2.78 -2.33
Neuroticism -0.50 -0.88 -1.13 -0.50 -0.13

Table 12: Diagnostics of progressive orthonormalization constraints (C1–C5) applied to personality steering
directions in LLaMA-3-8B. For each constraint, we report the achieved geometric independence (maximum absolute
off-diagonal cosine similarity between trait directions), the range of signal retention relative to the unconstrained
baseline, and a brief qualitative summary. C1 and C5 enforce global, order-independent orthonormality and
achieve near-zero cosine overlap, but uniformly attenuate trait signal. C2 also enforces strict orthonormality, but its
greedy, order-dependent construction leads to severe semantic degradation. C3 and C4 relax hard orthogonality by
selectively or softly removing projections, preserving substantially more trait signal at the cost of residual geometric
entanglement, with C4 exhibiting the best semantic–geometry trade-off.

C Method Geom. Independence Signal Retention Key Note

C1 Global Gram whitening max | cos | < 10−8 0.83–0.94 Perfect ortho; mild attenuation
C2 Strict QR (order-dependent) max | cos | < 10−8 −1.00–0.63 Order effects destroy trait semantics
C3 Selective removal (τ=0.5) max | cos | = 0.466 0.63–1.00 Partial decorrelation; E most affected
C4 Soft removal (β=0.5, τ=0.5) max | cos | = 0.527 0.85–1.00 Best trade-off; semantics largely preserved
C5 Hard orthonormal (global) max | cos | < 10−8 0.83–0.94 Perfect ortho; signal uniformly reduced
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