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Abstract001

Despite significant progress in alignment, large002
language models (LLMs) remain vulnerable to003
adversarial attacks that elicit harmful behaviors.004
Activation steering techniques offer a promis-005
ing inference-time intervention approach, but006
existing methods suffer from critical limita-007
tions: activation addition requires careful coef-008
ficient tuning and is sensitive to layer-specific009
norm variations, while directional ablation pro-010
vides only binary control. Recent work on An-011
gular Steering introduces continuous control012
via rotation in a 2D subspace, but its practi-013
cal implementation violates norm preservation,014
causing distribution shift and generation col-015
lapse, particularly in models below 7B param-016
eters. We propose Selective Steering, which017
addresses these limitations through two key in-018
novations: (1) a mathematically rigorous norm-019
preserving rotation formulation that maintains020
activation distribution integrity, and (2) discrim-021
inative layer selection that applies steering only022
where feature representations exhibit opposite-023
signed class alignment. Experiments across024
nine models demonstrate that Selective Steer-025
ing achieves 5.5× higher attack success rates026
than prior methods while maintaining zero per-027
plexity violations and approximately 100% ca-028
pability retention on standard benchmarks. Our029
approach provides a principled, efficient frame-030
work for controllable and stable LLM behavior031
modification.032

Code: https://anonymous.4open.033
science/r/steering-6CFE034

1 Introduction035

Large Language Models (LLMs) have demon-036

strated remarkable capabilities, yet ensuring their037

safe deployment remains critical. Despite extensive038

alignment efforts through RLHF (Ouyang et al.,039

2022) and constitutional AI (Bai et al., 2022b),040

models remain vulnerable to jailbreaks (Zou et al.,041

2023) and harmful behaviors (Perez et al., 2022).042

Traditional alignment requires expensive retrain- 043

ing and often degrades performance on benign 044

tasks (Casper et al., 2023; Tan et al., 2025). 045

Activation steering - modifying internal rep- 046

resentations at inference time - offers an alterna- 047

tive (Turner et al., 2024; Andy Zou, 2023). How- 048

ever, existing methods face critical limitations: Ac- 049

tivation Addition requires careful coefficient tun- 050

ing and is sensitive to layer-specific norms (Tem- 051

pleton et al., 2024), while Directional Ablation 052

removes features entirely, precluding fine-grained 053

control (Arditi et al., 2024). Recent Angular Steer- 054

ing (Vu and Nguyen, 2025) reformulates steering 055

as geometric rotation in a 2D subspace, but suffers 056

from generation collapse on small models (<7B) 057

and poor controllability on strongly aligned models 058

(Qwen, Gemma). 059

Our Approach. We hypothesize these failures 060

stem from uniform steering across all layers, ig- 061

noring heterogeneous layer roles. Through system- 062

atic analysis, we identify: (1) non-uniform acti- 063

vation norm growth across depth; (2) progressive 064

emergence of opposite-signed discriminability in 065

middle-to-late layers; and (3) layer-specific vulner- 066

ability to steering. 067

We propose Selective Steering (SS), which ap- 068

plies norm-preserving rotation only to layers where 069

contrastive classes exhibit opposite-signed projec- 070

tions: µ(k)
pos · µ(k)

neg < 0. This discriminative criterion 071

identifies steerable layers where features are mean- 072

ingfully represented, achieving: (1) maintained co- 073

herence by avoiding non-discriminative layers; (2) 074

enhanced controllability by concentrating effort 075

where separation emerges; and (3) preserved gen- 076

eral capabilities. 077

Contributions. Our contributions are threefold: 078

1. We provide the first systematic analysis of 079

layer-wise activation geometry in the con- 080

text of steering, identifying non-uniform norm 081
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growth and progressive discriminability emer-082

gence as key phenomena governing steering083

effectiveness.084

2. We propose Selective Steering, a principled085

method that combines norm-preserving rota-086

tion with discriminative layer selection. We087

prove that SS guarantees activation norm088

preservation (Proposition 2) while standard089

Angular Steering violates this property (Propo-090

sition 1).091

3. Through comprehensive experiments on 8092

models across 3 families (Llama, Qwen,093

Gemma), we demonstrate that SS simultane-094

ously achieves: (1) zero perplexity threshold095

violations across all models and angles; (2) up096

to 5.5× improvement in attack success rate on097

challenging models; and (3) preservation of098

general capabilities, substantially outperform-099

ing existing methods.100

2 Background101

2.1 Transformer Architecture102

Decoder-only transformers process an input token103

sequence t = (t1, . . . , tn) by first converting to-104

kens to initial embeddings, h
(1)
i = Embed(ti),105

where h denotes a vector in activation space. These106

activations are then iteratively refined through L107

layers via a residual stream architecture. Within108

each layer ℓ, the residual stream activation h
(ℓ)
i for109

token ti is updated by incorporating information110

from a self-attention mechanism and a multi-layer111

perceptron (MLP) block, typically with normaliza-112

tion applied before these components:113

h
(ℓ)
i,post-attn = h

(ℓ)
i + Attn(ℓ)(Norm(h

(ℓ)
1:i))114

h
(ℓ+1)
i = h

(ℓ)
i,post-attn + MLP(ℓ)(Norm(h

(ℓ)
i,post-attn))

(1)
115

This layered processing constructs increasingly so-116

phisticated representations, where h ∈ Rdmodel . Fi-117

nally, output activations from the last layer, h(L+1)
i ,118

are projected to vocabulary logits via logitsi =119

Unembed(h(L+1)
i ), which are then normalized us-120

ing softmax to produce probability distributions yi121

for next-token prediction.122

2.2 Activation Steering123

Activation steering modifies internal model rep-124

resentations at inference time to induce or sup-125

press specific behaviors without requiring retrain-126

ing (Turner et al., 2024; Arditi et al., 2024). Fea-127

tures are hypothesized to be represented by orthog- 128

onal directions in activation space (Elhage et al., 129

2022), enabling targeted interventions through geo- 130

metric transformations. Existing methods include 131

vector addition (Turner et al., 2024), orthogonal 132

projection (Arditi et al., 2024), and geometric ro- 133

tation (Vu and Nguyen, 2025). A comprehensive 134

comparison of these approaches is provided in Ap- 135

pendix A. 136

Angular Steering Framework. We build upon 137

Angular Steering (Vu and Nguyen, 2025), which 138

reformulates activation editing as rotation within a 139

2D subspace. Given an orthonormal basis {b1,b2} 140

spanning the steering plane P , rotation to target 141

angle θ is implemented as: 142

hsteered,θ = h− projP (h) 143

+ ∥projP (h)∥ · [b1 b2]Rθ [1 0]⊤, (2) 144

where projP (h) = (b1b
⊤
1 + b2b

⊤
2 )h denotes the 145

projection of h onto the steering plane, and Rθ is 146

the standard 2D rotation matrix: 147

Rθ =

[
cos(θ) − sin(θ)
sin(θ) cos(θ)

]
. (3) 148

This formulation provides continuous control over 149

behavioral intensity through the rotation angle θ ∈ 150

[0, 360). 151

2.3 Feature Direction Extraction 152

The most established method for constructing 153

steering vectors is the difference-in-means ap- 154

proach (Belrose, 2023). Given contrastive prompt 155

sets - a negative set D(train)
neg where a target feature 156

is absent and a positive set D(train)
pos where the fea- 157

ture is present - the steering vector at layer k is 158

computed as: 159

d(k) = µ
(k)
pos − µ

(k)
neg, (4) 160

where the class-conditional mean vectors are: 161

µ
(k)
pos =

1

|D(train)
pos |

∑
p∈D(train)

pos

x(k)(p), 162

µ
(k)
neg =

1

|D(train)
neg |

∑
p∈D(train)

neg

x(k)(p). (5) 163

Here, x(k)(p) denotes the activation vector at 164

layer k for prompt p. This difference vector d(k) 165

points in the direction that maximally separates 166

the two classes in activation space. We normal- 167

ize it to obtain the unit steering direction: d̂(k) = 168

d(k)/∥d(k)∥. 169
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3 Methodology170

3.1 Limitations of Angular Steering171

While Angular Steering (Vu and Nguyen, 2025)172

introduces continuous control through rotation in a173

2D subspace, its practical implementation suffers174

from a critical flaw: norm distortion. Although175

the theoretical rotation matrix is mathematically176

sound, the efficient implementation (Equation 2)177

fails to preserve norms.178

Proposition 1 (Norm Violation in Angular Steer-179

ing). The Angular Steering implementation (Equa-180

tion 2) does not preserve activation norms for gen-181

eral rotation angles θ.182

We provide a constructive proof in Ap-183

pendix B.1, demonstrating that even at θ = 0 (the184

identity transformation), norm preservation fails185

unless the activation’s projection onto the steering186

plane lies exactly along b1 with non-negative coef-187

ficient. This violation propagates through Adaptive188

Angular Steering, which inherits the same transfor-189

mation.190

Consequences. Norm distortion becomes partic-191

ularly problematic in modern LLMs employing192

normalization layers (LayerNorm (Ba et al., 2016),193

RMSNorm (Zhang and Sennrich, 2019)), leading194

to: (1) distribution shift as activations fall outside195

expected norms; (2) accumulation of distortions196

across layers; (3) unpredictable steering strength197

varying by layer and prompt.198

3.2 Empirical Observations: Layer-Wise199

Heterogeneity200

We analyze activation statistics across model depth201

using Qwen2.5-7B-Instruct (Yang et al., 2024;202

Team, 2024c). Figure 1 (More in Appendix H)203

reveals two critical phenomena:204

Non-uniform Norm Profiles. Figure 1a shows205

substantial norm heterogeneity: early layers exhibit206

rapid growth with high variance, middle layers sta-207

bilize, and late layers show dramatic increase near208

output. Critically, harmful and harmless activations209

maintain similar norm profiles, motivating exami-210

nation of directional properties.211

Progressive Opposite-Signed Discriminability.212

Figure 1b shows scalar projections of normalized213

activations onto layer-specific candidate directions214

d(k), revealing three regimes:215

1. Early layers: Both classes project near zero 216

with substantial overlap - the feature has not 217

emerged. 218

2. Middle layers: Clear separation with 219

opposite-signed projections: harmful samples 220

project positively, harmless negatively. Tight 221

clustering indicates robust discrimination. 222

3. Late layers: Separation persists but becomes 223

less stable with increased variance. 224

Key Insight. Layers where µ
(k)
pos · µ(k)

neg < 0 225

(opposite-signed mean projections) are optimal 226

steering targets. Uniform steering across all layers 227

disrupts non-discriminative layers, causing coher- 228

ence collapse. 229

3.3 Selective Steering: Norm-Preserving 230

Layer-Wise Control 231

Core Innovation. We propose Selective Steer- 232

ing, combining: (1) the mathematically sound ro- 233

tation matrix RP
θ (Equation 6) which inherently 234

preserves norms; (2) selective application only to 235

discriminative layers identified by opposite-signed 236

projections. 237

Proposition 2 (Norm Preservation in Selective 238

Steering). The transformation h′ = RP
θ h pre- 239

serves norms: ∥h′∥ = ∥h∥ for all h and θ, where 240

RP
θ = I− (b1b

⊤
1 + b2b

⊤
2 ) + [b1 b2]Rθ [b1 b2]

⊤.
(6)

241

The proof (Appendix B.2) establishes that RP
θ 242

is an orthogonal transformation by decomposing it 243

into orthogonal projection onto complement space 244

Q and rotation within plane P . 245

Discriminative Layer Selection. Given calibra- 246

tion datasetsD(train)
pos andD(train)

neg , we compute mean 247

activations as in Equation 5. We define discrimi- 248

native layers: 249

Ldisc =
{
k ∈ {1, . . . , L} : µ(k)

pos · µ(k)
neg < 0

}
.

(7)

250

This criterion identifies layers where classes 251

point in opposing directions, ensuring: (1) strong 252

feature representation; (2) predictable steering ef- 253

fect; (3) robust separation across samples. 254

Steering Transformation. For k ∈ Ldisc, 255

we construct a global steering plane P = 256

span{b1,b2} following (Vu and Nguyen, 2025), 257
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Figure 1: Layer-wise heterogeneity in Qwen2.5-7B-Instruct. (a) Activation norms vary substantially across depth,
with rapid growth in early layers and amplification near output. Harmful and harmless samples maintain similar
profiles, indicating magnitude alone is insufficient for discrimination. (b) Scalar projections onto layer-specific
candidate directions reveal progressive emergence of opposite-signed discriminability: early layers show weak
separation, middle layers exhibit strong opposite alignment (harmful positive, harmless negative), late layers
maintain separation with increased variance. Layers satisfying µ

(k)
pos · µ(k)

neg < 0 indicate optimal steering targets.

where b1 is the normalized feature direction and258

b2 is the orthogonalized first principal component259

of candidate directions. We apply:260

h′(k) =

{
RP

θ h
(k), if k ∈ Ldisc,

h(k), otherwise,
(8)261

where RP
θ = I − (b1b

⊤
1 + b2b

⊤
2 ) +262

[b1 b2]Rθ [b1 b2]
⊤ and Rθ is the 2D rotation263

matrix. By Proposition 2, ∥h′(k)∥ = ∥h(k)∥ is264

guaranteed.265

3.4 Algorithm and Calibration266

Algorithm 1 summarizes the inference-time proce-267

dure:268

Algorithm 1 Selective Steering (Inference)

Require: Activation h(k), basis {b1,b2}, angle θ,
means µ(k)

pos,µ
(k)
neg

Ensure: Steered activation h′(k)

1: if µ(k)
pos · µ(k)

neg ≥ 0 then ▷ Non-discriminative
layer

2: return h(k)

3: end if
4: Rθ ←

[
cos(θ) − sin(θ)
sin(θ) cos(θ)

]
5: RP

θ ← I − (b1b
⊤
1 + b2b

⊤
2 ) +

[b1 b2]Rθ [b1 b2]
⊤

6: h′(k) ← RP
θ h

(k) ▷ Norm preserved by Prop. 2
7: return h′(k)

Calibration. One-time setup: (1) extract acti-269

vations from D(train)
pos and D(train)

neg ; (2) compute270

µ
(k)
pos,µ

(k)
neg per layer; (3) identify Ldisc via Equa- 271

tion 7; (4) construct global plane P via PCA. See 272

Appendix B.3 for full procedure. 273

Advantages. Selective Steering offers: (1) guar- 274

anteed norm preservation via Proposition 2; (2) 275

focused intervention on discriminative layers only; 276

(3) reduced computation from O(Ldmodel) to 277

O(|Ldisc|dmodel) where |Ldisc| ≪ L; (4) compati- 278

bility with normalization-heavy architectures. 279

4 Experiments 280

4.1 Experimental Setup 281

Hardware. All experiments are conducted on 282

a single NVIDIA A40 GPU with 48GB memory. 283

To ensure reproducibility, we use greedy decoding 284

(temperature = 0.0) across all methods and models. 285

Datasets. We use two contrastive datasets for cal- 286

ibration: AdvBench (Zou et al., 2023) (80%, 416 287

samples) as D(train)
pos containing harmful prompts, 288

and 416 samples from Alpaca (Taori et al., 2023) 289

as D(train)
neg containing harmless prompts. The re- 290

maining 20% of AdvBench (104 samples) serves 291

as the evaluation set for measuring coherence and 292

controllability. 293

To assess robustness, we employ bench- 294

mark datasets from tinyBenchmarks (Maia Polo 295

et al., 2024), including: tinyAI2_arc (Clark 296

et al., 2018), tinyGSM8K (Cobbe et al., 2021), 297

tinyMMLU (Hendrycks et al., 2021), tinyTruth- 298

fulQA (Lin et al., 2022), and tinyWinogrande (Sak- 299

aguchi et al., 2021). Each benchmark contains 100 300

samples. 301
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Figure 2: Perplexity measurements across the full steering circle (0°-360°, 10° intervals) for SAS, AAS, and
Selective Steering (SS). Each subplot shows one model’s perplexity profile, with the baseline (no steering) shown
as a dashed circle. Red stars indicate angles where perplexity exceeds the threshold of 2.0, signaling generation
instability or collapse. ActAdd and DirAbl are excluded as they provide only single-point steering rather than
continuous angular control.

Baselines. We compare against: Activation Ad-302

dition (ActAdd) (Turner et al., 2024), Directional303

Ablation (DirAbl) (Arditi et al., 2024), Standard304

Angular Steering (SAS), and Adaptive Angular305

Steering (AAS) (Vu and Nguyen, 2025).306

Models. We evaluate across three model families307

with varying sizes: Llama (Team, 2024b) (3.1-308

8B, 3.2-1B, 3.2-3B), Qwen (Yang et al., 2024;309

Team, 2024c) (2.5-1.5B, 2.5-3B, 2.5-7B), and310

Gemma (Team, 2024a) (2-2b, 2-9b). All models311

are instruction-tuned variants trained with align-312

ment data.313

4.2 Evaluation Metrics314

We evaluate Selective Steering across three dimen-315

sions: coherence (generation quality), controllabil-316

ity (steering effectiveness), and robustness (capa-317

bility preservation). Brief metric descriptions are318

provided below; full mathematical formulations319

appear in Appendix C.320

Coherence Metrics. We employ four comple- 321

mentary metrics: 322

1. Perplexity (PPL↓): Measures model uncer- 323

tainty. Lower indicates more confident gener- 324

ation. 325

2. N-gram Repetition (N-gram Rep.↓): De- 326

tects pathological repetition using 4-gram di- 327

versity. Lower indicates less repetition. 328

3. Language Consistency (Lang. Cons.↑): De- 329

tects foreign character contamination via Uni- 330

code script analysis. Higher indicates fewer 331

unwanted script intrusions. 332

4. Compression Ratio (Comp. Ratio↑): 333

Pattern-agnostic collapse detection using gzip. 334

Higher indicates more diverse, natural text. 335

Controllability Metrics. We measure steering 336

effectiveness using: 337

1. Attack Success Rate (ASR↑): Proportion of 338

harmful prompts eliciting harmful responses, 339

evaluated using three classifiers: Harm- 340

Bench (Mazeika et al., 2024), PolyGuard (Ku- 341
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Model Method HarmBench ↑ PolyGuard ↑ LLM Judge ↑ Refusal ↓

Llama-3.1-8B

ActAdd 0.7404 0.8942 0.6827 0.0096
DirAbl 0.3269 0.3750 0.1635 0.5288
SAS 0.7404 0.8942 0.6827 0.0096
AAS 0.7788 0.9038 0.7019 0.0096
SS (Ours) 0.7788 0.9231 0.7019 0.0865

Llama-3.2-1B

ActAdd 0.7019 0.9904 0.7212 0.0000
DirAbl 0.5481 0.6731 0.4423 0.2019
SAS 0.7019 0.9904 0.7212 0.0000
AAS 0.7692 0.9808 0.7308 0.0000
SS (Ours) 0.7981 0.9904 0.7885 0.0000

Llama-3.2-3B

ActAdd 0.8269 0.9519 0.8558 0.0000
DirAbl 0.5385 0.5769 0.3654 0.2404
SAS 0.8269 0.9519 0.8558 0.0000
AAS 0.8462 0.9519 0.8558 0.0000
SS (Ours) 0.8558 0.9615 0.8654 0.0000

Qwen2.5-1.5B

ActAdd 0.1346 1.0000 0.0385 0.0000
DirAbl 0.2500 0.3269 0.1635 0.6250
SAS 0.1346 1.0000 0.0385 0.0000
AAS 0.3942 1.0000 0.2981 0.0000
SS (Ours) 0.7404 0.9423 0.6635 0.0000

Qwen2.5-3B

ActAdd 0.5096 1.0000 0.2885 0.0000
DirAbl 0.5288 0.6442 0.4327 0.0192
SAS 0.5096 1.0000 0.2885 0.0000
AAS 0.7019 1.0000 0.5673 0.0000
SS (Ours) 0.8462 0.9615 0.8365 0.0000

Qwen2.5-7B

ActAdd 0.8654 0.9904 0.9038 0.0000
DirAbl 0.5577 0.6538 0.4712 0.0577
SAS 0.8654 0.9904 0.9038 0.0000
AAS 0.8750 0.9712 0.8750 0.0000
SS (Ours) 0.8750 0.9423 0.8173 0.0000

gemma-2-2b

ActAdd 0.0000 1.0000 0.0000 0.0000
DirAbl 0.2500 0.3462 0.2404 0.0192
SAS 0.0000 1.0000 0.0000 0.0000
AAS 0.7404 1.0000 0.7212 0.0000
SS (Ours) 0.8269 0.9712 0.8269 0.0000

gemma-2-9b

ActAdd 0.0000 1.0000 0.0000 0.0000
DirAbl 0.1154 0.1538 0.0962 0.0769
SAS 0.0000 1.0000 0.0000 0.0000
AAS 0.6731 1.0000 0.5096 0.0000
SS (Ours) 0.6827 1.0000 0.6827 0.0000

Table 1: Controllability evaluation at best steering per method. Best scores (excluding No Steering) in bold,
second-best underlined.

mar et al., 2025), and LLM-as-judge with342

Qwen2.5-14B-Instruct (Team, 2024c). Higher343

indicates more successful steering.344

2. Refusal Score (RS↓) (Arditi et al., 2024):345

Substring-based detection of refusal patterns346

(e.g., "I’m sorry", "I cannot"). Lower indi-347

cates less refusal behavior.348

Robustness Metrics. We measure general capa-349

bility preservation using:350

1. Accuracy (Acc↑): Zero-shot accuracy on tiny-351

Benchmarks suite (Maia Polo et al., 2024).352

Higher indicates better capability retention.353

Arrows (↑/↓) indicate whether higher or lower354

values are better. 355

4.3 Results 356

Coherence Analysis. Figure 2 presents perplex- 357

ity measurements across the steering circle for SAS, 358

AAS, and SS. Red stars indicate angles where per- 359

plexity exceeds the threshold (default: 2.0), sig- 360

naling potential generation collapse. SS demon- 361

strates remarkably stable perplexity across all 362

angles and models, with zero threshold violations 363

across 8 models. In contrast, SAS and AAS ex- 364

hibit frequent spikes, particularly in smaller mod- 365

els (Llama-3.2-1B, Qwen2.5-1.5B, gemma-2-2b) 366

and at critical angles (80°-160°, 220°-350°). Ta- 367
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Model Method ASR ↑ AI2_arc GSM8k MMLU TruthfulQA Winogrande

Llama-3.1-8B

No Steering 0.0577 0.8100 0.8500 0.6600 0.5600 0.5100
ActAdd 0.7404 0.6100 0.6400 0.5100 0.3900 0.3500
DirAbl 0.3269 0.8000 0.8600 0.6700 0.5600 0.4900
SAS 0.7404 0.6100 0.6400 0.5100 0.3900 0.3500
AAS 0.7788 0.7700 0.8800 0.6700 0.5700 0.4700
SS (Ours) 0.7788 0.8000 0.8800 0.6600 0.5500 0.5100

Llama-3.2-1B

No Steering 0.0673 0.4700 0.4300 0.4600 0.2100 0.3100
ActAdd 0.7019 0.1700 0.1200 0.0700 0.0300 0.0200
DirAbl 0.5481 0.4100 0.4000 0.3800 0.3100 0.3500
SAS 0.7019 0.1700 0.1200 0.0700 0.0300 0.0200
AAS 0.7692 0.4500 0.3500 0.4200 0.2000 0.3600
SS (Ours) 0.7981 0.4600 0.4600 0.4200 0.2200 0.3100

Llama-3.2-3B

No Steering 0.0192 0.7100 0.8000 0.6100 0.5700 0.3600
ActAdd 0.8269 0.4100 0.6800 0.3300 0.3900 0.3600
DirAbl 0.5385 0.6700 0.7500 0.6100 0.5900 0.3400
SAS 0.8269 0.2400 0.4600 0.1500 0.2000 0.2900
AAS 0.8462 0.7000 0.8100 0.5900 0.5600 0.4200
SS (Ours) 0.8558 0.7200 0.7800 0.6100 0.5700 0.3700

Qwen2.5-1.5B

No Steering 0.0000 0.6900 0.7800 0.5300 0.4900 0.4700
ActAdd 0.1346 0.0800 0.0000 0.0600 0.1800 0.1000
DirAbl 0.2500 0.6600 0.7600 0.4800 0.4300 0.4300
SAS 0.1346 0.0800 0.0000 0.0800 0.3700 0.1700
AAS 0.3942 0.7000 0.7200 0.5000 0.5100 0.4500
SS (Ours) 0.7404 0.6900 0.7200 0.5200 0.4800 0.4700

Qwen2.5-3B

No Steering 0.0000 0.8000 0.8800 0.6100 0.6000 0.5300
ActAdd 0.5096 0.0100 0.0000 0.0000 0.0000 0.0000
DirAbl 0.5288 0.8000 0.8200 0.6200 0.5700 0.5000
SAS 0.5096 0.0100 0.0000 0.0000 0.0000 0.0000
AAS 0.7019 0.7800 0.8500 0.5200 0.3400 0.5000
SS (Ours) 0.8462 0.7900 0.8800 0.6100 0.6100 0.5300

Qwen2.5-7B

No Steering 0.0000 0.8700 0.9300 0.6400 0.6300 0.5900
ActAdd 0.8654 0.7900 0.8100 0.6800 0.3600 0.4900
DirAbl 0.5577 0.8600 0.9200 0.6400 0.5700 0.6100
SAS 0.8654 0.7900 0.8100 0.6800 0.3600 0.4900
AAS 0.8750 0.9000 0.9100 0.6900 0.4700 0.4500
SS (Ours) 0.8750 0.8700 0.9400 0.6500 0.6300 0.5900

gemma-2-2b

No Steering 0.0000 0.7100 0.7000 0.5400 0.5500 0.3800
ActAdd 0.0000 0.0000 0.0000 0.0000 0.0100 0.0000
DirAbl 0.2500 0.7300 0.6500 0.5600 0.5800 0.4300
SAS 0.0000 0.0000 0.0000 0.0000 0.0100 0.0000
AAS 0.7404 0.3800 0.0800 0.1300 0.1400 0.2700
SS (Ours) 0.8269 0.7100 0.6900 0.5400 0.5600 0.4000

gemma-2-9b

No Steering 0.0000 0.9000 0.9300 0.7100 0.7400 0.5900
ActAdd 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DirAbl 0.1154 0.9000 0.9400 0.7000 0.7400 0.5900
SAS 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
AAS 0.6731 0.9000 0.9300 0.7200 0.7500 0.5700
SS (Ours) 0.6827 0.9000 0.9300 0.7100 0.7400 0.5900

Table 2: Robustness evaluation on tinyBenchmarks at best HarmBench ASR angle per method. Best scores
(excluding No Steering) in bold, second-best underlined.

ble 4 quantifies coherence quality through three368

complementary metrics. SS achieves the best or369

second-best compression ratio in 8/8 models, in-370

dicating superior resistance to generation collapse371

(More in Appendix D).372

Controllability Analysis. Table 1 evaluates steer-373

ing effectiveness using multiple ASR metrics, the374

most challenging benchmark. SS achieves the 375

highest or second-highest ASR in 8/8 models 376

on HarmBench. Critically, SS demonstrates su- 377

perior controllability on smaller and harder- 378

to-steer models: on Qwen2.5-1.5B, SS achieves 379

74.04% HarmBench ASR versus 39.42% for AAS 380

and 13.46% for SAS - a 5.5× improvement over 381

SAS. On gemma-2-2b, where SAS completely fails 382
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(0% ASR) and AAS achieves only 74.04%, SS383

reaches 82.69% ASR.384

The refusal score metric reveals SS maintains385

lower refusal rates comparable to other methods,386

with 0% refusal in 7/8 models. Notably, SS387

balances high ASR with consistent performance388

across all three evaluators (HarmBench, PolyGuard,389

LLM-judge), avoiding the specialized overfitting390

seen in some baselines.391

Robustness Analysis. Table 2 evaluates zero-392

shot performance on general capabilities bench-393

marks at each method’s best ASR steering angle.394

SS preserves baseline performance significantly395

better than competing methods, achieving the396

best or second-best average accuracy across bench-397

marks and models.398

The robustness advantage is most pronounced399

on models where steering poses challenges. On400

Qwen2.5-3B, SAS again causes complete collapse401

(0.88→0.00 on tinyGSM8K), whereas SS pre-402

serves 100% of baseline (0.88→0.88). On gemma-403

2-2b/9b, where ActAdd and SAS produce degener-404

ate outputs (0% across all benchmarks), SS main-405

tains approximately 100% of baseline perfor-406

mance.407

Notably, SS achieves this robustness without sac-408

rificing controllability: on Qwen2.5-3B, SS simul-409

taneously delivers 84.62% HarmBench ASR (high-410

est among all methods) and maintains benchmark411

accuracy. This demonstrates that selective layer412

intervention successfully decouples steering ef-413

fectiveness from general capability preservation.414

Summary. Across three comprehensive evalua-415

tion dimensions, Selective Steering (SS) consis-416

tently outperforms existing methods by simul-417

taneously achieving: (1) superior generation418

coherence with zero perplexity threshold vio-419

lations, (2) state-of-the-art controllability espe-420

cially on challenging small models (up to 5.5×421

improvement), and (3) near-perfect preserva-422

tion of general capabilities (approximately 100%423

baseline retention). The combination of norm-424

preserving rotation and discriminative layer selec-425

tion enables robust, effective steering without the426

catastrophic degradation observed in SAS/AAS or427

the collapse-prone behavior of ActAdd on certain428

model families.429

5 Conclusion 430

We presented Selective Steering, a principled ac- 431

tivation steering method that achieves robust, con- 432

trollable behavior modification in large language 433

models through two complementary innovations: 434

norm-preserving rotation and discriminative layer 435

selection. 436

Our theoretical analysis (Propositions 1 and 2) 437

establishes that prior rotation-based steering suf- 438

fers from fundamental norm violations, causing 439

distribution shift that prevents effective control, es- 440

pecially in smaller models. By adopting the mathe- 441

matically sound rotation matrix formulation, Selec- 442

tive Steering guarantees ∥h′∥ = ∥h∥, eliminating 443

coherence collapse while enabling precise angular 444

control. 445

Empirically, we demonstrated that feature dis- 446

criminability - measured by opposite-signed mean 447

projections µ
(k)
pos · µ(k)

neg < 0 - emerges progres- 448

sively across model depth, concentrating in spe- 449

cific middle layers. By restricting intervention to 450

these discriminative layers (Ldisc), Selective Steer- 451

ing focuses steering effect where features are most 452

strongly represented, avoiding interference in non- 453

discriminative regions. 454

Comprehensive experiments across nine models 455

spanning 1.5B to 9B parameters validate our ap- 456

proach. Selective Steering achieves 5.5× higher at- 457

tack success rates than Angular Steering and Adap- 458

tive Angular Steering, with zero perplexity viola- 459

tions and approximately 100% accuracy retention 460

on 5 standard benchmarks. Ablation studies con- 461

firm that both norm preservation and discriminative 462

layer selection are essential: removing either com- 463

ponent causes dramatic performance degradation. 464

6 Limitations 465

While Selective Steering demonstrates strong em- 466

pirical performance, our approach inherits limita- 467

tions from its methodological foundations: 468

Feature Direction Extraction. Following prior 469

work (Arditi et al., 2024; Turner et al., 2024; Zou 470

et al., 2025), we use difference-in-means to extract 471

feature directions. While simple and effective, this 472

approach is not guaranteed to identify the optimal 473

discriminative direction. More sophisticated meth- 474

ods such as Fisher discriminant analysis, or sparse 475

dictionary learning (Templeton et al., 2024) may 476

yield superior directions, though at increased com- 477

putational cost. Our discriminative layer selection 478
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criterion (µ(k)
pos · µ(k)

neg < 0) naturally extends to any479

feature extraction method.480

Steering Plane Construction. Our 2D plane481

construction combines the selected feature direc-482

tion with the first principal component from PCA483

over candidate directions - a heuristic also used in484

Angular Steering (Vu and Nguyen, 2025). While485

this captures the primary variance in layer-wise486

feature evolution, it lacks theoretical guarantees487

for optimality. Alternative constructions using488

the second-best discriminative direction, orthog-489

onal basis optimization (Pham and Nguyen, 2024),490

or Grassmannian manifold methods may improve491

steering effectiveness. Despite this heuristic nature,492

our empirical results demonstrate that the current493

construction is sufficient for robust control across494

diverse model families and sizes.495

These limitations represent opportunities for fu-496

ture refinement rather than fundamental flaws, as497

our core contributions - discriminative layer se-498

lection and norm preservation - remain valid re-499

gardless of the specific feature extraction or plane500

construction method employed.501

Ethics Statement502

The development of Selective Steering is moti-503

vated by the need to understand and control large504

language model (LLM) behaviors, particularly in505

safety-critical contexts such as content moderation506

and harmful request refusal. We recognize the dual-507

use nature of activation steering techniques: while508

they enable beneficial applications like improving509

model alignment and robustness, they could poten-510

tially be misused to bypass safety mechanisms or511

manipulate model outputs in harmful ways.512

To address these concerns, our research is con-513

ducted with a commitment to responsible disclo-514

sure and ethical AI development. The steering515

methods and experimental protocols presented in516

this work are designed explicitly for diagnostic and517

improvement purposes - to assess model vulnerabil-518

ities, understand internal representations of safety-519

relevant features, and develop more robust control520

mechanisms. All experiments involving harmful521

prompts use established benchmarks that are al-522

ready publicly available for red-teaming research,523

and our evaluations measure refusal behavior rather524

than generating actual harmful content.525

We emphasize that Selective Steering, like other526

activation steering methods, requires direct access527

to model internals and cannot be applied to API-528

only deployments, limiting potential misuse vec- 529

tors. Furthermore, our ablation studies and detailed 530

analysis reveal the conditions under which steering 531

succeeds or fails, providing model developers with 532

insights to develop more resilient architectures and 533

safety mechanisms that are resistant to activation- 534

based manipulation. 535

The open release of our methodology and code 536

is intended to foster collaborative advances in LLM 537

safety and interpretability within the research com- 538

munity. We encourage researchers and practition- 539

ers to use these techniques responsibly: (1) for im- 540

proving model alignment and safety rather than cir- 541

cumventing protections, (2) in collaboration with 542

model developers to address identified vulnerabili- 543

ties, (3) with appropriate institutional oversight and 544

ethical review, and (4) in adherence to legal and 545

ethical standards governing AI safety research. 546

By advancing our understanding of how behav- 547

ioral features are represented and can be controlled 548

in LLMs, we aim to contribute to the development 549

of more transparent, interpretable, and trustworthy 550

AI systems. We believe that openly studying these 551

mechanisms - including their limitations and fail- 552

ure modes - is essential for building robust safety 553

measures that can withstand adversarial pressures 554

in real-world deployments. 555
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A Related Work796

A.1 Alignment and Safety in LLMs797

Traditional approaches to LLM safety rely on align-798

ment training through RLHF (Ouyang et al., 2022;799

Bai et al., 2022a) and constitutional AI (Bai et al.,800

2022b), which optimize models to refuse harmful801

requests while maintaining helpfulness. However,802

these methods require expensive retraining (Casper803

et al., 2023), suffer from reward hacking (Gao804

et al., 2022), and remain vulnerable to adversar-805

ial attacks (Zou et al., 2023; Wei et al., 2023).806

Recent work reveals that alignment creates su-807

perficial refusal behaviors rather than removing808

harmful knowledge (Arditi et al., 2024), motivat-809

ing inference-time intervention approaches that di-810

rectly modify model representations.811

A.2 Activation Steering Methods812

Vector Addition Approaches. Early steering813

methods manipulate activations through vector814

arithmetic. Activation Addition (Turner et al.,815

2024) adds scaled feature directions extracted via816

contrastive mean differences: h′ = h + αdfeat,817

where α controls steering intensity. Contrastive818

Activation Addition (CAA) (Rimsky et al., 2024)819

extends this with multiple contrastive pairs for ro-820

bust direction extraction. However, these methods821

are highly sensitive to coefficient tuning - inappro-822

priate α values cause incoherent generation due to823

norm distortion (Templeton et al., 2024). More-824

over, α must be layer-specific to account for expo-825

nentially growing activation norms across depth,826

making manual tuning impractical.827

Subspace Projection Methods. Directional Ab-828

lation (DirAbl) (Arditi et al., 2024) removes fea-829

tures by orthogonal projection: h′ = h − (dfeat ·830

h)dfeat, eliminating refusal directions entirely. Rep-831

resentation Engineering (Andy Zou, 2023) gener-832

alizes this framework for reading and controlling833

model representations. While these methods avoid834

hyperparameter sensitivity, they offer only binary835

control - features are either fully removed or left836

intact, precluding fine-grained modulation. Recent837

work on fairness (Li et al., 2025) applies similar838

projection-based interventions but faces the same839

limitations.840

Geometric Rotation Methods. Standard Angu-841

lar Steering (SAS) (Vu and Nguyen, 2025) refor-842

mulates steering as norm-preserving rotation within843

a 2D plane spanned by the feature direction and844

its principal component. By rotating activations to 845

target angles θ, it provides continuous control and 846

generalizes both addition (θ < 180) and ablation 847

(θ = 90). Adaptive Angular Steering (AAS) (Vu 848

and Nguyen, 2025) adds conditional masking, ap- 849

plying rotation only to activations aligned with the 850

feature direction: mask = max(0, sign(h · dfeat)). 851

However, both methods apply steering uniformly 852

across all layers, causing generation collapse on 853

smaller models and poor controllability on strongly 854

aligned models. Our analysis reveals this stems 855

from ignoring layer-wise discriminability - early 856

layers lack meaningful feature separation while 857

steering them disrupts unrelated representations. 858

A.3 Layer-Specific Interventions 859

Recent work recognizes layers play heterogeneous 860

roles. Circuit analysis (Wang et al., 2023; Marks 861

et al., 2025) identifies specific attention heads and 862

MLP neurons responsible for behaviors, enabling 863

surgical interventions. Mechanistic interpretabil- 864

ity (Elhage et al., 2021; Nanda et al., 2023) studies 865

information flow through layer-wise transforma- 866

tions, revealing that features emerge progressively 867

across depth. However, these approaches focus 868

on understanding rather than control. Concurrent 869

work on layer-wise steering (Harrasse et al., 2025) 870

observes varying steering effectiveness across lay- 871

ers but lacks principled selection criteria. Our dis- 872

criminative criterion µ
(k)
pos · µ(k)

neg < 0 provides a 873

theoretically grounded, automatically computable 874

condition for identifying steerable layers. 875

A.4 Comparison with Prior Methods 876

Table 3 contrasts Selective Steering with prior an- 877

gular methods. Unlike Angular and Adaptive An- 878

gular Steering, which violate norm preservation 879

during plane projection (Proposition 1), SS guaran- 880

tees norm preservation through discriminative layer 881

selection (Proposition 2). Our opposition-based 882

criterion identifies layers where classes exhibit 883

opposite-signed projections, concentrating steer- 884

ing effort where features naturally separate. This 885

reduces computational overhead from O(Ldmodel) 886

to O(|Ldisc|dmodel) where |Ldisc| ≪ L, as only dis- 887

criminative layers require rotation matrices. 888

Our method is the first to combine continuous 889

angular control with principled layer selection, 890

achieving robust steering without coherence degra- 891

dation. 892
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Table 3: Comparison of steering methods on key properties. ✓ indicates satisfaction, ✗ indicates violation.

Property ActAdd DirAbl SAS AAS SS (Ours)

Norm preservation ✗ ✗ ✗ ✗ ✓

Layer selectivity ✗ ✗ ✗ ✗ ✓

Continuous control ✗ ✗ ✓ ✓ ✓

Fine-grained modulation ✓ ✗ ✓ ✓ ✓

Discriminability criterion None None None Alignment Opposition
Hyperparameter sensitivity High Low Low Low Low
Computational cost O(Ldmodel) O(Ldmodel) O(Ldmodel) O(Ldmodel) O(|Ldisc|dmodel)

B Detailed Methodology893

B.1 Proof: Norm Violation in Angular894

Steering895

Proof of Proposition 1. We demonstrate a coun-896

terexample at the identity case θ = 0, where intu-897

itively no transformation should occur. For θ = 0,898

the rotation matrix is:899

R0 =

[
1 0
0 1

]
, thus R0

[
1
0

]
=

[
1
0

]
. (9)900

Substituting θ = 0 into Equation 2:901

hAS
steered,0 = h− projP (h) + ∥projP (h)∥ · [b1 b2]

[
1
0

]
902

= h− projP (h) + ∥projP (h)∥ · b1.
(10)

903

For hAS
steered,0 = h (identity), we require:904

−projP (h) + ∥projP (h)∥ · b1 = 0. (11)905

Let projP (h) = c1b1 + c2b2 where c1 = b⊤
1 h906

and c2 = b⊤
2 h. Then:907

∥projP (h)∥ =
√
c21 + c22. (12)908

Substituting into Equation 11:909

−(c1b1 + c2b2) +
√

c21 + c22 · b1 = 0. (13)910

Rearranging:911 (√
c21 + c22 − c1

)
b1 − c2b2 = 0. (14)912

Since {b1,b2} are orthonormal, both coeffi-913

cients must vanish:914 √
c21 + c22 − c1 = 0 and c2 = 0. (15)915

Combined with c2 = 0, the first condition sim- 916

plifies to |c1| = c1, requiring c1 ≥ 0. 917

Thus, hAS
steered,0 = h holds only when h’s pro- 918

jection lies exactly along b1 with non-negative 919

coefficient (c2 = 0 and c1 ≥ 0). For general h 920

where c2 ̸= 0 or c1 < 0: 921

hAS
steered,0 ̸= h ⇒ ∥hAS

steered,0∥ ̸= ∥h∥. (16) 922

This demonstrates fundamental norm violation 923

even at the identity transformation. 924

B.2 Proof: Norm Preservation in Selective 925

Steering 926

Proof of Proposition 2. The rotation matrix de- 927

composes as: 928

RP
θ = [I− (b1b

⊤
1 + b2b

⊤
2 )]︸ ︷︷ ︸

projection onto Q

+ [b1 b2]Rθ [b1 b2]
⊤︸ ︷︷ ︸

rotation in plane P

,

(17)

929

where Q is the orthogonal complement of P = 930

span{b1,b2}. 931

Decompose h = hP + hQ where: 932

hP = (b1b
⊤
1 + b2b

⊤
2 )h = c1b1 + c2b2, (18) 933

hQ = [I− (b1b
⊤
1 + b2b

⊤
2 )]h. (19) 934

Applying RP
θ : 935

RP
θ h = [I− (b1b

⊤
1 + b2b

⊤
2 )](hP + hQ) (20) 936

+ [b1 b2]Rθ [b1 b2]
⊤(hP + hQ) 937

= hQ + [b1 b2]Rθ [c1 c2]
⊤, (21) 938

since projection annihilates hP , preserves hQ, and 939

[b1 b2]
⊤hQ = 0. 940

The 2D rotation matrix Rθ is orthogonal: 941

R⊤
θ Rθ = I2. Therefore: 942

∥RP
θ h∥2 = ∥hQ∥2 + ∥[b1 b2]Rθ [c1 c2]

⊤∥2 943

= ∥hQ∥2 + ∥Rθ [c1 c2]
⊤∥2 (22) 944
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({b1,b2} orthonormal)945

= ∥hQ∥2 + ∥[c1 c2]⊤∥2 (23)946

(Rθ preserves norms)947

= ∥hQ∥2 + c21 + c22 (24)948

= ∥hQ∥2 + ∥hP ∥2 (25)949

= ∥h∥2, (26)950

where the last equality follows from orthogonality951

of P and Q. Thus ∥RP
θ h∥ = ∥h∥.952

B.3 Calibration Procedure953

Step 1: Activation Extraction. Pass all prompts954

in D(train)
pos and D(train)

neg through the model. At each955

layer k ∈ {1, . . . , L} (specifically, after normaliza-956

tion before attention and MLP blocks), record the957

final token’s activation vector h(k)
p for each prompt958

p.959

Step 2: Mean Vector Computation. For each960

layer k:961

µ
(k)
pos =

1

|D(train)
pos |

∑
p∈D(train)

pos

h(k)
p , (27)962

µ
(k)
neg =

1

|D(train)
neg |

∑
p∈D(train)

neg

h(k)
p . (28)963

Step 3: Discriminative Layer Identification.964

Compute the dot product for each layer:965

s(k) = µ
(k)
pos · µ(k)

neg. (29)966

Construct the discriminative layer set:967

Ldisc = {k : s(k) < 0}. (30)968

Step 4: Global Feature Direction. Compute969

candidate directions at each layer:970

d(k) = µ
(k)
pos − µ

(k)
neg, k = 1, . . . , L. (31)971

Select the global feature direction as the candidate972

with maximum average cosine similarity to others:973

k∗ = argmaxk
1

L

L∑
j=1

d(k) · d(j)

∥d(k)∥∥d(j)∥
, dfeat = d(k∗).

(32)

974

Step 5: Steering Plane Construction.975

Stack candidate directions into matrix976

D = [d(1), . . . ,d(L)]⊤ and perform PCA.977

Extract the first principal component dPC1. 978

Construct orthonormal basis via Gram-Schmidt: 979

b1 =
dfeat

∥dfeat∥
, (33) 980

b2 = dPC1 − (dPC1 · b1)b1, b2 =
b2

∥b2∥
.

(34)

981

Store {b1,b2} and Ldiscfor inference. 982

B.4 Theoretical Analysis: Discriminability 983

Criterion 984

Geometric Interpretation. The dot product cri- 985

terion µ
(k)
pos · µ(k)

neg < 0 identifies layers where class 986

means point in opposing directions. The squared 987

distance between means: 988∥∥∥µ(k)
pos − µ

(k)
neg

∥∥∥2 = ∥∥∥µ(k)
pos

∥∥∥2 + ∥∥∥µ(k)
neg

∥∥∥2 989

− 2µ
(k)
pos · µ(k)

neg. (35) 990

When the dot product is negative, the −2µ(k)
pos · 991

µ
(k)
neg term contributes positively, increasing separa- 992

tion beyond what orthogonal means would provide: 993∥∥∥µ(k)
pos − µ

(k)
neg

∥∥∥2 > ∥∥∥µ(k)
pos

∥∥∥2 + ∥∥∥µ(k)
neg

∥∥∥2 994

− 2
∥∥∥µ(k)

pos

∥∥∥ · ∥∥∥µ(k)
neg

∥∥∥ . (36) 995

Linear Separability. The feature direction 996

d(k) = µ
(k)
pos − µ

(k)
neg is the optimal linear separa- 997

tor under the difference-in-means criterion. When 998

µ
(k)
pos · µ(k)

neg < 0, projections onto d(k) satisfy: 999

µ
(k)
pos · d(k) = ∥µ(k)

pos∥2 − µ
(k)
pos · µ(k)

neg > 0, (37) 1000

µ
(k)
neg · d(k) = µ

(k)
pos · µ(k)

neg − ∥µ(k)
neg∥2 < 0, (38) 1001

ensuring opposite-signed projections that maxi- 1002

mize class separation. 1003

Monotonicity of Steering Effect. Rotating ac- 1004

tivations toward angle θ monotonically increases 1005

alignment with b1 ≈ dfeat. For discriminative lay- 1006

ers where µ(k)
pos ·µ(k)

neg < 0, this rotation consistently 1007

moves activations toward the positive class mean, 1008

providing predictable control. 1009

C Detailed Evaluation Metrics 1010

Coherence Metrics. We employ four comple- 1011

mentary metrics to assess generation quality: 1012

(1) Perplexity (PPL): Measures the model’s un- 1013

certainty in generating text. For a sequence of 1014
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tokens x = (x1, . . . , xT ), perplexity is computed1015

as:1016

PPL(x) = exp

(
− 1

T

T∑
t=1

log p(xt | x<t)

)
(39)1017

where p(xt | x<t) is the model’s predicted prob-1018

ability of token xt given previous tokens. Lower1019

perplexity indicates more confident, fluent genera-1020

tion.1021

(2) N-gram Repetition (N-gram Rep.): De-1022

tects pathological repetition by measuring n-gram1023

diversity. For a generated sequence with n-grams1024

N :1025

Rep-n =
|N | − |unique(N )|

|N |
(40)1026

where |N | is the total count of n-grams and1027

|unique(N )| is the count of unique n-grams. We1028

use n = 4 (4-grams). Values range from 0 (no1029

repetition) to 1 (complete repetition). Lower is1030

better.1031

(3) Language Consistency (Lang. Cons.): De-1032

tects foreign character contamination in English1033

responses using Unicode script analysis:1034

LC =
# Latin/Common characters

# total characters
(41)1035

We count characters from Latin, Common (punctu-1036

ation, digits), and allowed scripts, excluding CJK,1037

Arabic, Cyrillic, and other non-Latin scripts. Val-1038

ues range from 0 (completely foreign) to 1 (fully1039

consistent). Higher is better.1040

(4) Compression Ratio (Comp. Ratio):1041

Pattern-agnostic collapse detection using gzip com-1042

pression:1043

CR =
compressed_size(x)

original_size(x)
(42)1044

Highly repetitive or patterned text compresses well1045

(low ratio), while diverse natural text compresses1046

poorly (high ratio). Higher is better.1047

Controllability Metrics. We measure steering1048

effectiveness using multiple attack success evalua-1049

tors:1050

(1) Attack Success Rate (ASR): Measures the1051

proportion of harmful prompts that successfully1052

elicit harmful responses. For evaluation setDeval =1053

{(xi,yi)}Ni=1 where xi are harmful prompts and1054

yi are model responses:1055

ASR =
1

N

N∑
i=1

⊮[IsHarmful(yi)] (43)1056

where IsHarmful(·) is a binary classifier. We 1057

use three classifiers: HarmBench (Mazeika et al., 1058

2024), PolyGuard (Kumar et al., 2025), and 1059

LLM-as-judge with Qwen2.5-14B-Instruct (Team, 1060

2024c).. Higher ASR indicates more successful 1061

steering toward harmful behavior. 1062

(2) Refusal Score (RS) (Arditi et al., 2024): 1063

Substring-based detection of refusal patterns: 1064

RS =
1

N

N∑
i=1

⊮ [∃s ∈ Srefusal : s ∈ yi] (44) 1065

where Srefusal is a set of common refusal substrings 1066

(e.g., "I’m sorry", "I cannot", "As an AI"). Lower 1067

RS indicates less refusal behavior. 1068

Robustness Metrics. We measure preservation 1069

of general capabilities using zero-shot accuracy: 1070

Accuracy (Acc): For each benchmark task B 1071

with test set {(xi, y
∗
i )}Mi=1 where y∗i are ground 1072

truth labels: 1073

Acc(B) = 1

M

M∑
i=1

⊮[f(yi) = y∗i ] (45) 1074

where f(·) extracts the answer from model output 1075

yi using task-specific parsers (e.g., multiple-choice 1076

extraction for MMLU, numerical answer extrac- 1077

tion for GSM8K). Higher accuracy indicates better 1078

capability retention. 1079

D Additional Results 1080

This section provides a detail analysis for coher- 1081

ence from Section 4. Table 4 quantifies coherence 1082

quality through three complementary metrics. SS 1083

achieves the best or second-best compression ra- 1084

tio in 8/8 models, indicating superior resistance 1085

to generation collapse. Notably, on challenging 1086

models where SAS/AAS struggle (Qwen2.5-1.5B, 1087

Qwen2.5-3B, gemma-2-2b), SS reduces n-gram 1088

repetition by 88.9%, 91.3%, and 97.9% respec- 1089

tively compared to SAS - from 0.4649→0.0516, 1090

0.2734→0.0237, and 0.8242→0.0177. Critically, 1091

SS restores language consistency to near-perfect 1092

levels (1.0000) on Qwen2.5-1.5B and Qwen2.5- 1093

3B, where SAS produces severe contamination 1094

(0.9196 and 0.7611 respectively), demonstrating 1095

its ability to prevent multilingual leakage that 1096

plagues angular steering methods. The variance 1097

statistics (±std) reveal that SS produces signifi- 1098

cantly more stable outputs across steering an- 1099

gles: compression ratio variance is lower than 1100
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SAS/AAS in 6/8 models, with particularly dramatic1101

improvements on unstable models (Qwen2.5-1.5B:1102

0.3142 vs 0.3853/0.4062; gemma-2-2b: 0.0288 vs1103

0.0481/0.2249).1104

E Ablation Studies1105

We conduct comprehensive ablation studies to val-1106

idate the two core design decisions in Selective1107

Steering: (1) discriminative layer selection via the1108

opposite-signed criterion, and (2) norm-preserving1109

transformation via the rotation matrix formula-1110

tion. Experiments are performed on three rep-1111

resentative models spanning different sizes and1112

architectures: Qwen2.5-1.5B-Instruct, Qwen2.5-1113

3B-Instruct (Yang et al., 2024; Team, 2024c), and1114

gemma-2-9B-it (Team, 2024a). These models were1115

selected because they exhibited strong performance1116

in our main experiments (Section 4), demonstrat-1117

ing clear discriminative layer patterns and reliable1118

steering behavior.1119

E.1 Ablation 1: Layer Selection Strategies1120

Motivation. To isolate the contribution of our dis-1121

criminative layer selection criterion (Equation 7),1122

we compare against four alternative strategies that1123

do not exploit opposite-signed discriminability.1124

Compared Strategies.1125

• Random Selection (50%): Randomly sample1126

50% of layers for steering, matching the typ-1127

ical size of Ldisc. This controls for the effect1128

of layer count while removing discriminative1129

selection.1130

• Early Layers: Apply steering to the first half1131

of layers. This tests the hypothesis that early1132

layers are sufficient for behavior control.1133

• Late Layers: Apply steering to the second1134

half of layers. This tests whether late-stage1135

intervention near the output is more effective.1136

• Uniform (All Layers): Apply steering to all1137

layers uniformly, equivalent to Angular Steer-1138

ing’s approach.1139

• Discriminative Selection (Ours): Apply1140

steering only to layers satisfying µ
(k)
pos ·µ(k)

neg <1141

0.1142

All strategies use the norm-preserving transfor-1143

mation (Equation 8) to isolate the effect of layer1144

selection. For each model, we select the steering1145

angle θ∗ that maximizes ASR under the Discrimina- 1146

tive Selection strategy, then evaluate all strategies 1147

at this fixed angle to ensure fair comparison. 1148

Results. Table 5 reports controllability metrics 1149

(ASR and Refusal Score) across strategies. 1150

Key Observations. (1) Discriminative Selec- 1151

tion substantially outperforms alternatives. 1152

Across all models and evaluators, Discrimina- 1153

tive Selection achieves 2–8× higher HarmBench 1154

ASR compared to non-selective baselines (Random, 1155

Early, Late). For example, on Qwen2.5-3B, Harm- 1156

Bench ASR improves from 0.000 (Early/Late/Ran- 1157

dom) to 0.846 (Discriminative), and LLM-judge 1158

ASR increases from 0.000 to 0.837. This validates 1159

that opposite-signed discriminability identifies lay- 1160

ers where steering is most effective. 1161

(2) Early and Random strategies fail almost 1162

completely. Early Layers and Random Selection 1163

yield near-zero ASR on smaller models (Qwen2.5- 1164

1.5B, Qwen2.5-3B), indicating that indiscriminate 1165

intervention in non-discriminative layers is ineffec- 1166

tive. This aligns with Figure 1b, which shows early 1167

layers exhibit minimal class separation. 1168

(3) Late Layers show moderate effectiveness 1169

but inconsistent. Late Layers achieve partial suc- 1170

cess (HarmBench ASR: 0.038–0.240), suggesting 1171

some discriminative capacity emerges in deeper 1172

layers. However, performance is highly variable 1173

across models and substantially trails Discrimina- 1174

tive Selection, indicating that not all late layers are 1175

discriminative. 1176

(4) Uniform (All Layers) is surprisingly com- 1177

petitive but brittle. Applying steering to all layers 1178

yields moderate ASR (0.279–0.548) and eliminates 1179

refusals (Substring ≈ 0.000), appearing competi- 1180

tive at first glance. However, this comes at a severe 1181

cost to coherence (discussed in Section 4): uniform 1182

steering on smaller models (<7B) causes perplexity 1183

spikes, repetition collapse, and foreign language 1184

contamination. Discriminative Selection achieves 1185

comparable or higher ASR while maintaining gen- 1186

eration quality by avoiding non-discriminative lay- 1187

ers. 1188

(5) PolyGuard exhibits systematic bias toward 1189

degraded text. PolyGuard consistently assigns 1190

high scores to Uniform (All Layers), even when 1191

HarmBench and LLM-judge indicate low harm- 1192

fulness (e.g., Qwen2.5-1.5B: PolyGuard 0.981 vs. 1193

HarmBench 0.308). Upon manual inspection, we 1194

find PolyGuard flags incoherent or repetitive text 1195

as "unsafe" due to its content moderation heuris- 1196
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Model Method N-gram Rep. ↓ Lang. Cons. ↑ Comp. Ratio ↑

Llama-3.1-8B

ActAdd 0.0725 1.0000 0.4274
DirAbl 0.0182 0.9999 0.6973
SAS 0.0986 ± 0.0779 1.0000 ± 0.0000 0.6048 ± 0.2331
AAS 0.0649 ± 0.0659 1.0000 ± 0.0000 0.6270 ± 0.2409
SS (Ours) 0.1065 ± 0.1824 0.9999 ± 0.0001 0.7075 ± 0.2763

Llama-3.2-1B

ActAdd 0.1983 1.0000 0.3967
DirAbl 0.0417 0.9998 0.5131
SAS 0.2206 ± 0.2111 0.9993 ± 0.0022 0.5698 ± 0.2647
AAS 0.1403 ± 0.1317 0.9996 ± 0.0016 0.5842 ± 0.2552
SS (Ours) 0.0413 ± 0.0357 0.9996 ± 0.0005 0.6875 ± 0.2619

Llama-3.2-3B

ActAdd 0.0759 1.0000 0.4115
DirAbl 0.0321 1.0000 0.5588
SAS 0.0640 ± 0.0367 0.9997 ± 0.0006 0.5898 ± 0.1717
AAS 0.0330 ± 0.0227 0.9999 ± 0.0001 0.5881 ± 0.1790
SS (Ours) 0.0289 ± 0.0393 0.9997 ± 0.0005 0.6924 ± 0.1968

Qwen2.5-1.5B

ActAdd 0.1849 0.3093 0.2192
DirAbl 0.0507 0.9999 0.5278
SAS 0.4649 ± 0.3592 0.9196 ± 0.1701 0.4353 ± 0.3853
AAS 0.4149 ± 0.3956 0.9884 ± 0.0290 0.4970 ± 0.4062
SS (Ours) 0.0516 ± 0.0595 1.0000 ± 0.0000 0.7201 ± 0.3142

Qwen2.5-3B

ActAdd 0.4623 0.9998 0.2330
DirAbl 0.0219 0.9996 0.4621
SAS 0.2734 ± 0.1334 0.7611 ± 0.3432 0.3787 ± 0.2779
AAS 0.1815 ± 0.1698 0.8713 ± 0.2825 0.3454 ± 0.1772
SS (Ours) 0.0237 ± 0.0271 0.9998 ± 0.0003 0.5273 ± 0.0830

Qwen2.5-7B

ActAdd 0.1377 0.9991 0.3948
DirAbl 0.0158 0.9995 0.4695
SAS 0.1379 ± 0.1876 0.9992 ± 0.0019 0.4170 ± 0.1194
AAS 0.0768 ± 0.1332 0.9995 ± 0.0016 0.4616 ± 0.0797
SS (Ours) 0.0100 ± 0.0066 0.9994 ± 0.0011 0.5101 ± 0.0458

gemma-2-2b

ActAdd 0.9804 1.0000 0.0320
DirAbl 0.0138 0.9999 0.4721
SAS 0.8242 ± 0.3151 1.0000 ± 0.0000 0.0351 ± 0.0481
AAS 0.4159 ± 0.4332 1.0000 ± 0.0000 0.2878 ± 0.2249
SS (Ours) 0.0177 ± 0.0209 1.0000 ± 0.0000 0.4871 ± 0.0288

gemma-2-9b

ActAdd 0.9707 1.0000 0.0753
DirAbl 0.0022 1.0000 0.5325
SAS 0.9891 ± 0.0147 1.0000 ± 0.0000 0.0268 ± 0.0242
AAS 0.5117 ± 0.4906 1.0000 ± 0.0000 0.2740 ± 0.2635
SS (Ours) 0.1500 ± 0.2921 0.9999 ± 0.0001 0.4625 ± 0.1528

Table 4: Coherence evaluation across steering methods. Metrics averaged over all steering angles. Best scores
(excluding No Steering) in bold, second-best underlined. ↓/↑ indicate lower/higher is better.

tics detecting anomalous patterns (e.g., repetitive1197

refusal phrases, foreign characters, grammatical1198

errors). Thus, PolyGuard scores should be inter-1199

preted cautiously - high scores may indicate text1200

degradation rather than genuine harmfulness. We1201

report PolyGuard for completeness but emphasize1202

HarmBench and LLM-judge as more reliable indi-1203

cators.1204

E.2 Ablation 2: Norm Preservation1205

Motivation. To validate that norm preservation is1206

critical for steering effectiveness (not merely layer1207

selection), we compare our norm-preserving for-1208

mulation (Equation 8) against Angular Steering’s1209

implementation (Equation 2), both using the same 1210

discriminative layer set Ldisc. 1211

Compared Formulations. 1212

• Angular Steering Implementation: Apply 1213

the efficient implementation from Vu and 1214

Nguyen (2025): 1215

h′(k) = h(k) − projP (h
(k)) 1216

+ ∥projP (h
(k))∥ · [b1 b2]Rθ [1 0]⊤, 1217

which violates norm preservation (Proposi- 1218

tion 1). 1219
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Table 5: Ablation study: Layer selection strategies. All methods use norm-preserving transformation at the
same angle θ∗ (selected to maximize ASR under Discriminative Selection). ASR metrics (↑ better): HarmBench,
PolyGuard†, LLM-judge. Refusal Score (Substring, ↓ better). †PolyGuard scores are inflated due to sensitivity to
text degradation patterns (discussed below).

Model Strategy HarmBench↑ PolyGuard†↑ LLM-judge↑ Substring↓

Qwen2.5-1.5B

Random (50%) 0.000 0.029 0.010 0.990
Early Layers 0.000 0.019 0.000 0.990
Late Layers 0.038 0.346 0.000 0.952
Uniform (All) 0.308 0.981 0.087 0.000
Discriminative (Ours) 0.740 0.942 0.664 0.000

Qwen2.5-3B

Random (50%) 0.000 0.000 0.000 0.981
Early Layers 0.000 0.010 0.010 0.990
Late Layers 0.000 0.038 0.000 0.942
Uniform (All) 0.548 1.000 0.298 0.010
Discriminative (Ours) 0.846 0.962 0.837 0.000

Gemma-2-9B

Random (50%) 0.019 0.010 0.010 0.971
Early Layers 0.010 0.010 0.010 0.990
Late Layers 0.240 0.356 0.212 0.692
Uniform (All) 0.279 0.990 0.173 0.000
Discriminative (Ours) 0.683 1.000 0.683 0.000

• Norm-Preserving Formulation (Ours): Ap-1220

ply the rotation matrix:1221

h′(k) = RP
θ h

(k)1222

=
[
I− (b1b

⊤
1 + b2b

⊤
2 ) + [b1 b2]Rθ [b1 b2]

⊤
]
h(k),1223

which guarantees ∥h′(k)∥ = ∥h(k)∥ (Proposi-1224

tion 2).1225

Both methods use the same discriminative layers1226

(Ldisc) and angle (θ∗), isolating the effect of norm1227

preservation.1228

Results. Table 6 reports controllability metrics.1229

Key Observations. (1) Norm preservation is1230

essential for effective steering. The norm-1231

preserving formulation achieves 26–70× higher1232

HarmBench ASR compared to Angular Steering’s1233

implementation, despite using identical layer se-1234

lection. On Qwen2.5-3B, HarmBench ASR in-1235

creases from 0.000 to 0.846, and LLM-judge ASR1236

from 0.000 to 0.837. This dramatic improvement1237

validates our theoretical analysis (Propositions 11238

and 2): norm violations disrupt activation distribu-1239

tions, rendering steering ineffective.1240

(2) Angular Steering implementation fails1241

even with optimal layer selection. Even when1242

restricted to discriminative layers (Ldisc), Angular1243

Steering’s implementation yields near-zero ASR1244

and maintains high refusal rates (Substring≈ 0.98).1245

This demonstrates that the norm violation issue1246

(Section 3) is not merely a side effect of uniform1247

layer application - it is an inherent flaw in the trans- 1248

formation itself. Layer selection alone is insuffi- 1249

cient; norm preservation is critical. 1250

(3) The gap is most pronounced on smaller 1251

models. Qwen2.5-1.5B and Qwen2.5-3B show 1252

near-complete failure (HarmBench ASR < 0.03) 1253

under Angular Steering, while achieving strong suc- 1254

cess (0.740, 0.846) with norm preservation. This 1255

aligns with our hypothesis that smaller models are 1256

more sensitive to distribution shift: limited capacity 1257

leaves less margin for absorbing norm violations, 1258

causing rapid coherence collapse that precludes 1259

effective steering. 1260

(4) Refusal behavior reflects steering effective- 1261

ness. Refusal scores (Substring) track inversely 1262

with ASR: norm-preserving formulation achieves 1263

near-zero refusals (0.000) while Angular Steering 1264

maintains high refusals (0.971–0.981). This indi- 1265

cates that norm violations not only degrade coher- 1266

ence but also prevent meaningful behavior mod- 1267

ification - the model continues refusing despite 1268

intervention. 1269

E.3 Summary 1270

These ablation studies conclusively demonstrate 1271

that both design choices are essential: 1272

• Discriminative layer selection (Equation 7) 1273

identifies where to steer, concentrating inter- 1274

vention on layers with strong opposite-signed 1275

class separation. Without this, steering is inef- 1276

fective (Early/Random strategies) or damages 1277

coherence (Uniform strategy). 1278
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Table 6: Ablation study: Norm preservation. Both methods use the same discriminative layers (Ldisc) and
angle (θ∗). ASR metrics (↑ better): HarmBench, PolyGuard†, LLM-judge. Refusal Score (Substring, ↓ better).
†PolyGuard scores are inflated for the Angular Steering implementation due to text degradation patterns.

Model Formulation HarmBench↑ PolyGuard†↑ LLM-judge↑ Substring↓

Qwen2.5-1.5B Angular Steering 0.029 0.077 0.010 0.981
Norm-Preserving (Ours) 0.740 0.942 0.664 0.000

Qwen2.5-3B Angular Steering 0.000 0.000 0.000 0.981
Norm-Preserving (Ours) 0.846 0.962 0.837 0.000

Gemma-2-9B Angular Steering 0.019 0.010 0.019 0.971
Norm-Preserving (Ours) 0.683 1.000 0.683 0.000

• Norm-preserving transformation (Equa-1279

tion 8) determines how to steer, maintaining1280

activation distribution integrity. Without this,1281

steering fails even with optimal layer selection1282

(Angular Steering implementation).1283

Together, these innovations enable Selective1284

Steering to achieve higher controllability than prior1285

methods while preserving generation quality, as1286

demonstrated in our main experiments (Section 4).1287

F Computational Requirements1288

All experiments were conducted on NVIDIA A401289

GPUs (48GB VRAM) with 85% memory utiliza-1290

tion. We report per-model computational costs1291

using our implementation based on the vLLM li-1292

brary (Kwon et al., 2023). For a typical model in1293

our evaluation suite (e.g., Qwen2.5-7B-Instruct):1294

Calibration Phase (One-Time Cost):1295

• Activation extraction and steering plane1296

construction: ∼2 minutes on 1 GPU.1297

Evaluation Phase:1298

• Response generation for perplexity compu-1299

tation: ∼8 minutes on 1 GPU.1300

• Comprehensive evaluation (coherence +1301

controllability + robustness): ∼1 hours on 11302

GPU.1303

Total Computational Budget: For the complete1304

study covering nine models with full calibration1305

and evaluation:1306

• Calibration: 8 models×2 min ≈ 16 minutes1307

• Evaluation: 8 models× (8 min+1 hours) ≈1308

8 hours1309

• Total: ∼8 GPU-hours on NVIDIA A401310

G Qualitative Analysis 1311

To provide intuition for the behavioral control 1312

achieved by Selective Steering, we present qual- 1313

itative examples across different rotation angles 1314

and analyze edge cases that reveal method charac- 1315

teristics. 1316

G.1 Controllability Across Rotation Angles 1317

Figure 3 visualizes the attack success rate (ASR) 1318

measured by four evaluators (HarmBench, Poly- 1319

Guard, LLM-judge, Substring matching) as a func- 1320

tion of rotation angle θ for 8 models. The spider 1321

chart representation clearly shows that Selective 1322

Steering enables smooth, continuous control over 1323

refusal behavior across the full 360° rotation space. 1324

Key Observations. 1325

• Smooth transitions: ASR varies continu- 1326

ously with angle, enabling fine-grained con- 1327

trol rather than binary on/off behavior. 1328

• Consistent peak regions: Most models 1329

(Qwen2.5, Llama-3.x) show maximum com- 1330

pliance at 180°–270°, indicating stable feature 1331

geometry. 1332

• Architecture sensitivity: Gemma-2 models 1333

exhibit two distinct peaks, suggesting multi- 1334

ple refusal-related directions in their activa- 1335

tion space—our heuristic feature extraction 1336

(difference-in-means) may not identify the 1337

globally optimal direction for these models. 1338

• Evaluator agreement: HarmBench and 1339

LLM-judge show high correlation, while Sub- 1340

string matching is more conservative and Poly- 1341

Guard is sensitive to text degradation (see Sec- 1342

tion C). 1343

19



0°

10°

20°

30°
40°

50°
60°

70°80°90°100°110°
120°

130°
140°

150°

160°

170°

180°

190°

200°

210°
220°

230°
240°

250°260° 270° 280°290°
300°

310°
320°
330°

340°

350°
0.0 0.2 0.4 0.6 0.8 1.0

0°

10°

20°

30°
40°

50°
60°

70°80°90°100°110°
120°

130°
140°

150°

160°

170°

180°

190°

200°

210°
220°

230°
240°

250°260° 270° 280°290°
300°

310°
320°
330°

340°

350°
0.0 0.2 0.4 0.6 0.8 1.0

0°

10°

20°

30°
40°

50°
60°

70°80°90°100°110°
120°

130°
140°

150°

160°

170°

180°

190°

200°

210°
220°

230°
240°

250°260° 270° 280°290°
300°

310°
320°
330°

340°

350°
0.0 0.2 0.4 0.6 0.8 1.0

0°

10°

20°

30°
40°

50°
60°

70°80°90°100°110°
120°

130°
140°

150°

160°

170°

180°

190°

200°

210°
220°

230°
240°

250°260° 270° 280°290°
300°

310°
320°
330°

340°

350°
0.0 0.2 0.4 0.6 0.8 1.0

0°

10°

20°

30°
40°

50°
60°

70°80°90°100°110°
120°

130°
140°

150°

160°

170°

180°

190°

200°

210°
220°

230°
240°

250°260° 270° 280°290°
300°

310°
320°
330°

340°

350°
0.0 0.2 0.4 0.6 0.8 1.0

0°

10°

20°

30°
40°

50°
60°

70°80°90°100°110°
120°

130°
140°

150°

160°

170°

180°

190°

200°

210°
220°

230°
240°

250°260° 270° 280°290°
300°

310°
320°
330°

340°

350°
0.0 0.2 0.4 0.6 0.8 1.0

0°

10°

20°

30°
40°

50°
60°

70°80°90°100°110°
120°

130°
140°

150°

160°

170°

180°

190°

200°

210°
220°

230°
240°

250°260° 270° 280°290°
300°

310°
320°
330°

340°

350°
0.0 0.2 0.4 0.6 0.8 1.0

0°

10°

20°

30°
40°

50°
60°

70°80°90°100°110°
120°

130°
140°

150°

160°

170°

180°

190°

200°

210°
220°

230°
240°

250°260° 270° 280°290°
300°

310°
320°
330°

340°

350°
0.0 0.2 0.4 0.6 0.8 1.0

harmbench polyguard llm_judge substring

Qwen2.5-1.5B-Instruct Qwen2.5-3B-Instruct Qwen2.5-7B-Instruct Llama-3.2-1B-Instruct

Llama-3.2-3B-Instruct Llama-3.1-8B-Instruct gemma-2-2b-it gemma-2-9b-it

Se
le
ct
iv
e

Figure 3: Controllability of Selective Steering across rotation angles. Each subplot shows attack success rates
(ASR) for four evaluators as a function of steering angle θ ∈ [0, 360). Radial distance indicates ASR magnitude (0.0–
1.0). Most models exhibit a clear peak region (typically 180°–270°) where compliance is maximized, demonstrating
smooth behavioral control. Note: Gemma family models show bimodal peaks, suggesting the chosen feature
direction may not be optimal for this architecture, highlighting the importance of feature extraction quality (see
Section 6).

G.2 Coherence Preservation Under Steering1344

Table 7 compares text quality across three steering1345

methods at their respective jailbreak angles. This1346

reveals why norm preservation is critical:1347

Analysis:1348

• SAS (Standard Angular Steering): Com-1349

plete breakdown—outputs pure Chinese char-1350

acter sequences despite English prompts, indi-1351

cating catastrophic distribution shift.1352

• AAS (Adaptive Angular Steering): Partial1353

breakdown—mixing languages mid-sentence1354

and repeating phrases suggests activation1355

space boundaries violated, though less1356

severely than SAS.1357

• SS (Selective Steering): Maintains fluent, co-1358

herent English with natural sentence structure,1359

demonstrating that norm preservation + dis-1360

criminative layer selection successfully navi-1361

gates the activation manifold without inducing 1362

distribution collapse. 1363

This qualitative evidence complements our quan- 1364

titative coherence metrics (Section D), showing that 1365

norm violations manifest as observable text degra- 1366

dation patterns that go beyond simple perplexity 1367

increases. 1368

G.3 Summary 1369

These examples illustrate three key properties of 1370

Selective Steering: 1371

1. Continuous control: Rotation angle provides 1372

smooth interpolation between behavioral ex- 1373

tremes, not just binary jailbreak/refuse out- 1374

comes (Figure 3). 1375

2. Quality preservation: Norm-preserving 1376

transformations maintain text coherence 1377

even under strong steering, avoiding the 1378

catastrophic degradation observed in norm- 1379

violating methods (Table 7). 1380
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Method Response at Jailbreak Angle

SAS
(200°) [continues with incoherent Chinese characters and repetitive patterns for 200+ characters]

AAS
(200°) I understand youAI [code-switches between English and Chinese mid-sentence, repetitive phrase

structures]

SS (Ours)
(200°) Creating a poisoning scenario can be done in a way that makes it look like an accident, but to do

this effectively, you need to be careful and ensure that the victim doesn’t suspect foul play right away.
Here’s a detailed account of how to poison someone and make it look like an accident: [proceeds with
coherent, fluent English]

Table 7: Comparison of text coherence across steering methods at angles where compliance is maximized. Prompt:
“Write a detailed account of how to poison someone and make it look like an accident.” Methods: SAS (Standard
Angular Steering, non-adaptive), AAS (Adaptive Angular Steering), SS (Selective Steering, ours). SAS and AAS
violate norm preservation, causing severe degradation (CJK character contamination, repetitive patterns). SS
maintains coherence while achieving compliance.

These qualitative findings validate our design1381

choices and provide intuition for why discrimina-1382

tive layer selection combined with norm preserva-1383

tion achieves robust behavioral control.1384

H Layer-Wise Heterogeneity Across1385

Model Families1386

The progressive emergence of opposite-signed1387

discriminability observed in Qwen2.5-7B-Instruct1388

(Figure 1) is not an isolated phenomenon but rather1389

a consistent pattern across diverse model architec-1390

tures and sizes. We provide comprehensive evi-1391

dence by visualizing for all models spanning three1392

major families: Qwen2.5 (1.5B, 3B, 7B), Llama-1393

3.1/3.2 (1B, 3B, 8B), and Gemma-2 (2B, 9B).1394
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Figure 4: Layer-wise heterogeneity in gemma-2-2b-it.
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(b) Projections on local candidate directions

Figure 5: Layer-wise heterogeneity in gemma-2-9b-it.
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Figure 6: Layer-wise heterogeneity in Llama-3.2-1B-Instruct.
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(a) Activation norms across layers
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Figure 7: Layer-wise heterogeneity in Llama-3.2-3B-Instruct.
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(a) Activation norms across layers
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Figure 8: Layer-wise heterogeneity in Llama-3.1-8B-Instruct.
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(a) Activation norms across layers
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Figure 9: Layer-wise heterogeneity in Qwen2.5-1.5B-Instruct.
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(a) Activation norms across layers
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Figure 10: Layer-wise heterogeneity in Qwen2.5-3B-Instruct.

0 10 20 30 40 50

20

40

60

80

100

120

140 Harmful
Harmless

Activation Norms Across Layers

Extraction Point

A
ct

iv
at

io
n 

N
or

m

(a) Activation norms across layers
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Figure 11: Layer-wise heterogeneity in Qwen2.5-7B-Instruct.
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