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Abstract001

Safety-aligned LLMs suffer from two failure002
modes: jailbreak (answering harmful inputs)003
and over-refusal (declining benign queries). Ex-004
isting vector steering methods adjust the mag-005
nitude of answer vectors, but this creates a006
fundamental trade-off—reducing jailbreak in-007
creases over-refusal and vice versa. We iden-008
tify the root cause: LLMs encode the deci-009
sion to answer (answer vector va) and the010
judgment of input safety (benign vector vb)011
as nearly orthogonal directions, treating them012
as independent processes. We propose LLM-013
VA, which aligns va with vb through closed-014
form weight updates, making the model’s will-015
ingness to answer causally dependent on its016
safety assessment—without fine-tuning or ar-017
chitectural changes. Our method identifies vec-018
tors at each layer using SVMs, selects safety-019
relevant layers, and iteratively aligns vectors020
via minimum-norm weight modifications. Ex-021
periments on 12 LLMs demonstrate that LLM-022
VA achieves 11.45% higher F1 than the best023
baseline while preserving 95.92% utility, and024
automatically adapts to each model’s safety025
bias without manual tuning. Code and models026
are available at https://anonymous.4open.027
science/w/LLM-VA-Web-A6C4/.028

1 Introduction029

Large language models (LLMs) have achieved030

remarkable capabilities across diverse NLP031

tasks (OpenAI, 2024; Team, 2025; AI@Meta,032

2024), yet safety alignment remains challenging.033

Safety-aligned LLMs exhibit two failure modes:034

jailbreak, where the model directly responds to035

toxic inputs (i.e., queries designed to elicit harm-036

ful, unethical, or unsafe responses) (Yi et al., 2024;037

Zou et al., 2023b; Yuan et al., 2025), and over-038

refusal, where the model unnecessarily declines039

benign queries (Röttger et al., 2024; Zhang et al.,040

2025a; Cui et al., 2025). This dual failure mode sig-041

nificantly limits the deployment of LLMs in safety-042
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Figure 1: The angles between answer vectors (va) and
benign vectors (vb) are approximately 90◦ across lay-
ers in gemma-2-9b-it, indicating near-orthogonality be-
tween answer decisions and safety assessments.

critical applications, where both reliability and us- 043

ability are essential. Among approaches to address 044

these issues, vector steering (Zou et al., 2023a; 045

Arditi et al., 2024; Sheng et al., 2025) has gained 046

attention for its efficiency—it manipulates specific 047

directions in the model’s latent space without costly 048

retraining, using only simple answer/refuse labels 049

rather than fine-grained annotations. 050

However, existing vector steering methods only 051

adjust the magnitude of the answer vector, cre- 052

ating a fundamental trade-off: reducing magni- 053

tude suppresses jailbreak but increases over-refusal, 054

while amplifying it has the opposite effect (Arditi 055

et al., 2024; Sheng et al., 2025). Recent methods 056

like SCANS (Cao et al., 2025) and CAST (Lee 057

et al., 2024) incorporate input toxicity but require 058

architectural modifications and treat both failure 059

modes as separate objectives (see Table 1). This 060

magnitude-based paradigm cannot fundamentally 061

resolve the trade-off. 062

We identify the root cause of this trade-off: ex- 063

isting methods control output behavior (answer vs. 064

refuse) without considering input characteristics 065

(benign vs. toxic). To investigate, we extract two 066

vectors at each layer: the answer vector (va), in- 067

dicating whether the model will answer, and the 068
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benign vector (vb), indicating whether the input069

is safe. As shown in Figure 1, these vectors are070

nearly orthogonal (∼90◦) across layers,1 revealing071

that LLMs treat answer decisions and safety assess-072

ments as independent processes. This explains both073

failure modes: the model may answer toxic inputs074

(jailbreak) or refuse benign ones (over-refusal) be-075

cause its willingness to answer is decoupled from076

its judgment of input safety.077

Based on this observation, we propose Large078

Language Model Vector Alignment (LLM-VA).079

By aligning these vectors, we make the model’s080

willingness to answer causally dependent on its081

safety assessment (Zou et al., 2023a), rather than082

treating them as independent decisions. Crucially,083

LLM-VA achieves this through closed-form weight084

updates—requiring no gradient-based optimization,085

fine-tuning, or architectural changes. Our method086

involves three steps:087

• Vector identification via SVMs: Train SVMs088

at each layer to find hyperplanes separating be-089

nign/toxic and answer/refuse samples, yielding090

both vb and va.091

• Layer selection: Identify layers most relevant092

to safety decisions based on their contribution to093

final output and SVM classification accuracy.094

• Vector alignment: Adjust layer weights to align095

va with vb, ensuring benign inputs activate the096

“answer” direction while toxic inputs do not.097

Extensive experiments on 12 LLMs demon-098

strate that LLM-VA achieves 11.45% higher F1099

scores (effectiveness on resolving trade-off) than100

the best baseline (AlphaSteer) (Sheng et al., 2025)101

with only 4.08% model utility drop, indicating102

that LLM-VA effectively resolves the jailbreak-103

overrefusal trade-off while preserving general ca-104

pabilities. In summary, our contributions are:105

• We propose LLM-VA, which, to the best of106

our knowledge, is the first vector steering107

method that simultaneously addresses both jail-108

break and over-refusal by aligning answer vec-109

tors with benign vectors through closed-form110

weight updates—requiring no gradient-based111

fine-tuning or architectural changes.112

• We demonstrate on 12 LLMs from 5 model fami-113

lies that LLM-VA achieves state-of-the-art safety114

alignment, and show that it automatically adapts115

1Results for other LLMs are similar; see Appendix A.

to each model’s safety bias—prioritizing jail- 116

break reduction for vulnerable models and over- 117

refusal reduction for overly conservative ones— 118

without manual tuning. 119

• We release our code and safety-enhanced weights 120

for 12 LLMs.2 121

2 Related Work 122

Safety Alignment and the Jailbreak-Overrefusal 123

Trade-off Traditional safety alignment methods— 124

RLHF (Christiano et al., 2017; Stiennon et al., 125

2020), adversarial training (Xhonneux et al., 2024; 126

Liu et al., 2024a), and rule-based filtering (Zhang 127

et al., 2025b)—require substantial computational 128

resources or lack scalability. Vector steering (Zou 129

et al., 2023a; Arditi et al., 2024) emerged as an 130

efficient alternative, manipulating latent-space di- 131

rections without retraining. However, these meth- 132

ods create a fundamental trade-off: reducing the 133

answer vector’s magnitude suppresses jailbreak but 134

increases over-refusal, while amplifying it has the 135

opposite effect (Arditi et al., 2024; Sheng et al., 136

2025). This trade-off remains the central unsolved 137

problem in efficient safety alignment. 138

Vector Steering Methods VectorSteer (Zou 139

et al., 2023a) first identified answer vectors for 140

controlling model outputs through magnitude ad- 141

justment. AlphaSteer (Sheng et al., 2025) intro- 142

duced null-space projection to preserve utility dur- 143

ing steering, but remains magnitude-based and thus 144

inherits the trade-off. SCANS (Cao et al., 2025) 145

and CAST (Lee et al., 2024) incorporate input 146

toxicity information, representing progress toward 147

input-aware steering. However, both require archi- 148

tectural modifications (hook layers) and still treat 149

jailbreak and over-refusal as separate objectives 150

to be balanced via hyperparameters. Table 1 sum- 151

marizes these differences: LLM-VA is the only 152

approach that addresses both failure modes without 153

finetuning or architectural changes. 154

Internal Representations in LLMs Mechanis- 155

tic interpretability research reveals that LLMs en- 156

code concepts as linear directions in their hidden 157

states (Geva et al., 2021; Elhage et al., 2022; Zou 158

et al., 2023a). Building on this foundation, we dis- 159

cover that answer vectors (va) and benign vectors 160

2Due to anonymity requirements, we release
only Llama3.1-8B-Instruct weights during review.
Full weights available at https://figshare.com/s/
f2aa365c87a80097a436.
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Table 1: Comparison of LLM-VA with other methods
on safety alignment and utility preservation.

Method
w/o

Finetuning
w/o

Model Structure Modification
Over-refusal
Mitigation

Jailbreak
Mitigation

LLM-VA ✓ ✓ ✓ ✓

Finetuning ✗ ✓ ✓ ✓

VectorSteer ✓ ✗ ✗ ✓

AlphaSteer ✓ ✗ ✗ ✓

CAST ✓ ✗ ✓ ✓

SCANS ✓ ✗ ✓ ✓
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Figure 2: The distributions of the projections onto the
benign, answer vectors at different layers of Llama-3.1-
8B-Instruct. The left, middle, right figures correspond
to the 4th, 16th, and 28th MLP layers, respectively.

(vb) are nearly orthogonal across layers, explaining161

why magnitude-based methods cannot resolve the162

trade-off—they control output behavior indepen-163

dently of input safety. LLM-VA addresses this by164

aligning these vectors, making the answer decision165

causally dependent on the safety assessment.166

3 Preliminary Analysis167

To motivate our approach, we analyze how LLMs168

internally represent two distinct decisions: (1)169

whether to answer or refuse a query, and (2)170

whether the input is benign or toxic.3 Follow-171

ing Zou et al. (2023a), we extract the answer vector172

va and benign vector vb at each layer on 128 ran-173

domly sampled toxic inputs from S-Eval (Yuan174

et al., 2025) and 128 benign inputs from ORFuz-175

zSet (Zhang et al., 2025a).4 We project layer out-176

puts onto these vectors and visualize the distribu-177

tions in Figure 2. Three key observations emerge:178

• Obs 1: LLMs encode both decisions internally.179

Projections onto vb cleanly separate benign from180

toxic inputs, while projections onto va separate181

answered from refused samples—both with deci-182

sion boundaries near zero.183

• Obs 2: Later layers are more discriminative.184

Separation quality improves in deeper layers185

3We define “answer” as providing a direct response and
“refuse” as declining to respond.

4We illustrate with Llama-3.1-8B-Instruct; results are con-
sistent across models.

Answer-Refuse Plane

Benign-Toxic Plane

Normal Samples

Over-Refusal Samples

Jailbreak Samples

Original Embedding Vector SpaceVector Steering
(a)

Vector Alignment
(b)

Figure 3: Unlike existing methods that only adjust the
magnitude of va (trading off jailbreak vs. over-refusal),
LLM-VA aligns va with vb to address both issues.

(compare layers 4, 16, and 28 in Figure 2), in- 186

dicating that later layers are more critical for 187

safety-related decisions. 188

• Obs 3: The two decisions are misaligned. 189

Some toxic inputs project positively onto va, 190

while some benign inputs project negatively. 191

This misalignment directly causes jailbreak and 192

over-refusal failures. 193

Combined with the near-orthogonality between 194

va and vb (Figure 1), these observations reveal that 195

LLMs treat answer decisions and safety assess- 196

ments as independent processes. We hypothesize 197

that aligning va with vb—making the model’s will- 198

ingness to answer depend on its safety judgment— 199

will reduce both failure modes. 200

Why vector alignment, not magnitude adjust- 201

ment? Existing vector steering methods (Sheng 202

et al., 2025; Cao et al., 2025; Ray and Bhalani, 203

2024) only adjust the magnitude of va: reducing it 204

decreases jailbreak risk but increases over-refusal, 205

while increasing it has the opposite effect (Fig- 206

ure 3a). In contrast, LLM-VA aligns va with vb 207

(Figure 3b), making the answer decision depend 208

on input safety rather than treating them indepen- 209

dently. 210

Optimization Objective We formalize this goal 211

as maximizing correct response behavior: 212

max
θ

Ex

[
I(y=benign) · I(fθ(x)=answer)+ 213

I(y=toxic) · I(fθ(x)=refuse)
]

(1) 214

where x is an input, y ∈ {benign, toxic} its ground- 215

truth label, and fθ(x) ∈ {answer, refuse} the 216

model’s response. By aligning va with vb, pro- 217

jections onto va become correlated with input be- 218

nignness, optimizing this objective. The following 219

sections detail how LLM-VA achieves this. 220

4 Methodology 221

Building on our observation that LLMs encode 222

answer decisions (va) and safety assessments 223

3



SVM-based Control Vector Identification

Layer Selection

Safety Enhancement with Vector Alignment

Queries
Em

be
d

di
ng

At
te

nt
io

n

FF
N

At
te

nt
io

n

FF
N

At
te

nt
io

n

FF
N… …

Labeled
Vectors SVM Training

Benign 
Answered

Benign 
Refused

Toxic 
Answered

Toxic 
Refused

𝑣𝑣𝑎𝑎

𝑣𝑣𝑏𝑏

Layer 1

Layer 2

Layer N
…

𝑣𝑣𝑎𝑎
(1) 𝑣𝑣𝑏𝑏

1

𝑣𝑣𝑎𝑎
(2) 𝑣𝑣𝑏𝑏

2

𝑣𝑣𝑎𝑎
(𝑁𝑁) 𝑣𝑣𝑏𝑏

𝑁𝑁
… …

𝑣𝑣𝑎𝑎
𝑓𝑓𝑓𝑓𝑓𝑓 𝑟𝑟𝑏𝑏

𝑓𝑓𝑓𝑓𝑓𝑓 𝐶𝐶𝑎𝑎
𝑙𝑙 ,𝐶𝐶𝑏𝑏

𝑙𝑙

𝐴𝐴𝐴𝐴𝐴𝐴𝑎𝑎
𝑙𝑙 ,𝐴𝐴𝐴𝐴𝐴𝐴𝑏𝑏

𝑙𝑙

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑒𝑒 𝑙𝑙

Layer

Score

Selected Layers

Other Layers

𝑣𝑣𝑎𝑎
𝑣𝑣𝑏𝑏

𝑣𝑣𝑎𝑎

𝑣𝑣𝑏𝑏 Alignment

𝑾𝑾 Jailbreak 
Scenario

Over-refusal 
ScenarioLLM Modified 

LLM

Updated
Safety-Guardrail

Figure 4: The framework of LLM-VA.

(vb) as nearly orthogonal directions, we present224

LLM-VA. Our key insight is that by aligning225

these vectors through closed-form weight updates—226

requiring no gradient-based fine-tuning or archi-227

tectural changes—we can make the model’s will-228

ingness to answer causally dependent on its safety229

judgment. As illustrated in Figure 4, LLM-VA230

mainly consists of three steps: (1) identifying va231

and vb at each layer via SVMs (Section 4.1), (2)232

selecting layers most relevant to safety decisions233

(Section 4.2), and (3) deriving weight update pro-234

cess that aligns these vectors (Section 4.3).235

4.1 SVM-based Control Vector Identification236

To align vectors at each layer, we must first identify237

them. Prior work (Zou et al., 2023a; Sheng et al.,238

2025; Cao et al., 2025) extracts the answer vector239

from the residual flow at the final layer. However,240

since the residual flow aggregates contributions241

from all preceding layers, modifying individual242

layer weights cannot directly control the final-layer243

vector. To enable layer-wise weight modification,244

we instead extract vectors from each layer’s output.245

At each layer, we train two linear SVMs to246

find hyperplanes separating (1) benign vs. toxic247

inputs, and (2) answered vs. refused samples. We248

use SVMs because they provide interpretable lin-249

ear decision boundaries: the normal vector of the250

maximum-margin hyperplane directly yields the251

control vector, and the margin maximization en- 252

sures robustness. The SVMs minimize (Cortes and 253

Vapnik, 1995): 254

min
wsvm,ζ

∥wsvm∥22 + C
∑
i∈D

ζi, 255

s.t. yi(wsvm · o(l)i ) ≥ 1− ζi, ∀i ∈ D (2) 256

where o
(l)
i is the output of layer l for input i, yi ∈ 257

{−1, 1} is the label (+1 for benign/answer, and 258

−1 for toxic/refuse), C > 0 is a regularization 259

parameter, and ζi ≥ 0 are slack variables. We omit 260

the bias term bsvm because our empirical analysis 261

shows that decision hyperplanes pass through the 262

origin. This simplifies the subsequent alignment 263

formulation and implementation. 264

The unit normal vectors of these hyperplanes 265

yield the control vectors: 266

v
(l)
b = w

(l)
b /

∥∥∥w(l)
b

∥∥∥ (3) 267

v(l)a = w
(l)
a /

∥∥∥w(l)
a

∥∥∥ (4) 268

where w
(l)
b and w

(l)
a are the SVM weight vectors 269

for benign/toxic and answer/refuse classification at 270

layer l, respectively. 271

4.2 Layer Selection 272

Not all layers contribute equally to safety deci- 273

sions (Geva et al., 2021). Modifying irrelevant 274

4



layers wastes capacity and may harm utility, so we275

select layers that are both influential (their vectors276

align with the decisions of final residual stream)277

and accurate (their SVMs reliably distinguish be-278

nign/toxic or answer/refuse).5279

Influence on final decision. Following prior280

work showing that the residual stream determines281

final outputs (Zou et al., 2023a; Sheng et al., 2025),282

we measure how well each layer’s vectors align283

with the vectors of final residual stream:284

C(l)
a = v(fin)a · v(l)a , C

(l)
b = v

(fin)
b · v(l)b (5)285

High C(l) indicates that modifying layer l’s vector286

direction will propagate to the final decision.287

Classification accuracy. We also require that the288

layer’s SVMs accurately separate the two classes.289

Let Acc(l)a and Acc(l)b denote validation accuracies290

for the answer and benign classifiers at layer l.291

Combined score. We compute a weighted sum292

where each term is the product of influence and293

accuracy for each task:294

Score(l) = C(l)
a · Acc(l)a + C

(l)
b · Acc(l)b (6)295

The multiplicative form within each term ensures296

we select layers that are both influential and accu-297

rate for that task—a layer with high influence but298

low accuracy (or vice versa) contributes little to299

the score. We select the top Lselect layers with the300

highest scores for alignment.301

4.3 Vector Alignment302

Our goal is to modify each selected layer’s weights303

so that the model’s answer decision becomes depen-304

dent on its safety assessment. Specifically, for any305

input, we want the projection onto va (which de-306

termines answering) to equal the scaled projection307

onto vb (which reflects input safety). This ensures308

benign inputs activate the “answer” direction while309

toxic inputs suppress it.310

Unlike existing methods (Zou et al., 2023a;311

Sheng et al., 2025; Cao et al., 2025) that insert hook312

layers and modify the model architecture, we derive313

a closed-form weight update process—requiring no314

gradient descent or architectural changes. This315

makes LLM-VA efficient and easy to deploy on316

standard model-hosting platforms.317

5Throughout this paper, “layer” refers to either an MLP
or attention sublayer unless otherwise specified. Reasons are
discussed in Appendix B.

Deriving the weight update. For each selected 318

layer, we modify the down-projection matrix W 319

(the matrix that projects from hidden dimension 320

back to model dimension). We seek an update ∆ 321

such that (omitting layer indices for clarity): 322

x(W +∆)va =
σa
σb

xWvb, ∀x (7) 323

where σa and σb are the standard deviations of 324

projections onto va and vb over the training set, 325

respectively. The ratio σa/σb normalizes for differ- 326

ent dynamic ranges of the two directions, ensuring 327

benign inputs (positive vb projection) produce pos- 328

itive va projections and toxic inputs (negative vb 329

projection) produce negative va projections. Rear- 330

ranging, we require: 331

∆va =
σa
σb

Wvb −Wva (8) 332

The minimum-norm solution (least modification to 333

weights) is given by the pseudoinverse (Penrose, 334

1955): 335

∆+ =

(
σa
σb

Wvb −Wva

)
vTa , (9) 336

W ′ = W +∆+ 337

Iterative refinement. A single alignment step 338

may not fully align the vectors because modifying 339

one layer’s weights affects the inputs to subsequent 340

layers, causing their effective va and vb directions 341

to shift. We therefore iterate the alignment process 342

T times: in each iteration, we re-extract va and vb 343

from the modified model, recompute layer scores, 344

and apply the weight update. The final model is 345

selected based on validation F1 score. Empirically, 346

most models converge within 20–30 iterations (see 347

Section 5.4). 348

5 Experiments 349

We conduct experiments to address the following 350

research questions: 351

• RQ1: How effectively does LLM-VA re- 352

solve jailbreak-overrefusal trade-off compared 353

to magnitude-based vector steering methods? 354

• RQ2: How well does LLM-VA preserve model 355

utility? 356

• RQ3: How do key components (vector identi- 357

fication, iteration count, layer selection) affect 358

performance? 359

5



5.1 Experimental Setup360

We first describe the experimental settings. Addi-361

tional details are provided in Appendix D.362

Models We conduct experiments on 12 widely-363

used instruction-tuned LLMs spanning 5 model364

families, with sizes ranging from 3B to 14B param-365

eters: Llama-3.1 (8B) (AI@Meta, 2024), gemma-2366

(9B) (Team, 2024a), Mistral-v0.3 (7B) (Jiang et al.,367

2023), Phi-3.5 (4B) (Abdin et al., 2024), Phi-4368

(4B, 15B) (Microsoft et al., 2025), Qwen2.5 (3B,369

7B, 14B) (Team, 2024b; Yang et al., 2024a), and370

Qwen3 (4B, 8B, 14B) (Team, 2025). This diverse371

selection allows to evaluate the generalizability of372

LLM-VA across different architectures and scales.373

Datasets For effectiveness evaluation, we use374

four benchmark datasets: S-Eval-Attack and S-375

Eval-Risk (Yuan et al., 2025) for jailbreak eval-376

uation, and ORFuzzSet (Zhang et al., 2025a) and377

Natural Questions (Kwiatkowski et al., 2019) for378

over-refusal evaluation. To focus on challeng-379

ing cases, we select 500 samples per dataset380

where the original models exhibit incorrect be-381

havior (i.e., jailbreak on toxic inputs or over-382

refusal on benign inputs). Each dataset is split383

into training, validation, and test sets with a ratio384

of 8:1:1. For utility preservation, we evaluate on385

6 datasets covering diverse NLP tasks including386

grammar (CoLA (Warstadt et al., 2018)), natural387

language inference (MNLI (Williams et al., 2018),388

RTE (Bentivogli et al., 2009)), paraphrase detection389

(MRPC (Dolan and Brockett, 2005)), sentiment390

analysis (SST (Socher et al., 2013)), and mathemat-391

ical reasoning (GSM8K (Cobbe et al., 2021)).6392

Baselines We compare LLM-VA with several393

state-of-the-art vector steering methods:394

• VectorSteer (Zou et al., 2023a): Identifies the an-395

swer vector and adjusts its magnitude to control396

the model’s response behavior.397

• AlphaSteer (Sheng et al., 2025): Extends Vec-398

torSteer by introducing null-space projection on399

representation space to preserve the model’s gen-400

eral capabilities while steering.401

• SCANS (Cao et al., 2025): Dynamically adjusts402

answer vector magnitude based on input toxic-403

ity judgement, using hook layers to incorporate404

toxicity information.405

6See Appendix C for dataset details.

• AlphaSteer+: Our variant of AlphaSteer that 406

uses null-space projection to preserve behavior 407

specifically on correctly-answered samples rather 408

than general capabilities. 409

Metrics We use attack success rate (ASR) (Zou 410

et al., 2023b) to measure jailbreak vulnerabil- 411

ity and over-refusal rate (ORR) (Zhang et al., 412

2025a) to measure unnecessary refusals. For 413

evaluation of effectiveness on resolving the 414

trade-off, we report F1 scores with all the 415

four datasets, where TP=|benign ∩ answered|, 416

FP=|toxic∩ answered|, FN=|benign∩ refused|, 417

and TN=|toxic ∩ refused|. For utility preserva- 418

tion, we report F1 for classification tasks where 419

TP, FP, FN are defined by the positive class of 420

each task, and accuracy for GSM8K. We employ 421

Qwen3-Guard-Gen-8B (Zhao et al., 2025) as the 422

judge model for evaluating whether responses con- 423

stitute answers or refusals.7 424

5.2 Effectiveness Results (RQ1) 425

To evaluate the effectiveness of LLM-VA on jail- 426

break and over-refusal trade-off, we compare it 427

with magnitude-based vector steering methods 428

across all 12 LLMs. Table 2 presents ASR, ORR, 429

and F1 scores on the test sets. 430

Overall effectiveness of LLM-VA. LLM-VA 431

achieves an average F1 score of 0.77, representing 432

a 37.02% relative improvement over the original 433

LLMs (0.56). Notably, LLM-VA simultaneously 434

reduces both failure modes: ASR decreases by 435

18.50% and ORR decreases by 22.00% on average 436

compared to the original LLMs. 437

Comparison with baselines. LLM-VA outper- 438

forms all baselines on 8 of 12 LLMs regarding F1, 439

with a relative improvement of 11.45% over the 440

best baseline (AlphaSteer). VectorSteer, AlphaS- 441

teer+ and AlphaSteer, which only adjust answer 442

vector magnitude, show limited improvement on 443

models that already have low ASR but high ORR 444

(e.g., Llama-3.1-8B). SCANS achieves competitive 445

results on some models but requires architectural 446

modifications and shows inconsistent performance 447

across model families. 448

Adaptive behavior. A key advantage of LLM- 449

VA is its automatic adaptation to each model’s ini- 450

tial safety bias. For models with high ASR but 451

low ORR (e.g., Mistral-v0.3-7B with 81% ASR 452

7See Appendix E for details on judge model selection.
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Table 2: Main results of LLM-VA. The best results are bolded.

Model Size Method Seval-Aattack
ASR↓

Seval-Risk
ASR↓

ORFuzzSet
ORR↓

NQ
ORR↓

Final
F1↑

Model Size Method Seval-Aattack
ASR↓

Seval-Risk
ASR↓

ORFuzzSet
ORR↓

NQ
ORR↓

Final
F1↑

Llama-3.1 8B

Original 12.00% 2.00% 100.00% 6.00% 0.6104

Qwen2.5

3B

Original 88.00% 20.00% 62.00% 14.00% 0.5741
AlphaSteer+ 4.00% 0.00% 100.00% 10.00% 0.6122 AlphaSteer+ 28.00% 0.00% 58.00% 10.00% 0.7333
AlphaSteer 2.00% 0.00% 100.00% 6.00% 0.6351 AlphaSteer 28.00% 6.00% 62.00% 10.00% 0.7072
VectorSteer 0.00% 0.00% 100.00% 12.00% 0.6111 VectorSteer 22.00% 2.00% 92.00% 32.00% 0.5067
SCANS 4.00% 0.00% 100.00% 14.00% 0.5931 SCANS 32.00% 4.00% 70.00% 6.00% 0.6889
LLM-VA 14.00% 6.00% 38.00% 10.00% 0.8172 LLM-VA 44.00% 12.00% 16.00% 16.00% 0.7925

gemma-2 9B

Original 42.00% 22.00% 98.00% 16.00% 0.4914

7B

Original 86.00% 36.00% 80.00% 4.00% 0.5297
AlphaSteer+ 16.00% 0.00% 94.00% 4.00% 0.6415 AlphaSteer+ 32.00% 6.00% 82.00% 2.00% 0.6554
AlphaSteer 16.00% 0.00% 98.00% 4.00% 0.6242 AlphaSteer 28.00% 8.00% 86.00% 2.00% 0.6437
VectorSteer 10.00% 0.00% 98.00% 18.00% 0.5714 VectorSteer 16.00% 16.00% 80.00% 24.00% 0.5854
SCANS 18.00% 12.00% 92.00% 12.00% 0.5890 SCANS 30.00% 18.00% 86.00% 4.00% 0.6145
LLM-VA 0.00% 6.00% 36.00% 6.00% 0.8681 LLM-VA 54.00% 30.00% 22.00% 4.00% 0.7598

Mistral-v0.3 7B

Original 88.00% 74.00% 54.00% 4.00% 0.5635

14B

Original 46.00% 22.00% 90.00% 4.00% 0.5668
AlphaSteer+ 28.00% 36.00% 52.00% 2.00% 0.7122 AlphaSteer+ 22.00% 4.00% 92.00% 2.00% 0.6386
AlphaSteer 34.00% 32.00% 46.00% 2.00% 0.7273 AlphaSteer 2.00% 4.00% 92.00% 2.00% 0.6795
VectorSteer 32.00% 28.00% 44.00% 0.00% 0.7500 VectorSteer 6.00% 0.00% 96.00% 0.00% 0.6710
SCANS 26.00% 40.00% 28.00% 4.00% 0.7742 SCANS 20.00% 24.00% 82.00% 8.00% 0.6215
LLM-VA 36.00% 22.00% 28.00% 12.00% 0.7656 LLM-VA 28.00% 22.00% 66.00% 2.00% 0.6911

Phi-3.5 4B

Original 82.00% 24.00% 90.00% 6.00% 0.5073

Qwen3

4B

Original 84.00% 32.00% 66.00% 0.00% 0.5956
AlphaSteer+ 18.00% 2.00% 88.00% 12.00% 0.6250 AlphaSteer+ 28.00% 30.00% 48.00% 2.00% 0.7353
AlphaSteer 26.00% 6.00% 86.00% 10.00% 0.6190 AlphaSteer 34.00% 26.00% 56.00% 0.00% 0.7129
VectorSteer 20.00% 2.00% 78.00% 18.00% 0.6380 VectorSteer 24.00% 2.00% 48.00% 2.00% 0.7979
SCANS 4.00% 0.00% 96.00% 40.00% 0.4776 SCANS 28.00% 10.00% 66.00% 2.00% 0.7135
LLM-VA 66.00% 16.00% 50.00% 4.00% 0.6822 LLM-VA 46.00% 28.00% 24.00% 0.00% 0.7822

Phi-4

4B

Original 60.00% 16.00% 68.00% 16.00% 0.5918

8B

Original 92.00% 20.00% 72.00% 2.00% 0.5753
AlphaSteer+ 16.00% 8.00% 74.00% 6.00% 0.6977 AlphaSteer+ 18.00% 18.00% 60.00% 10.00% 0.7104
AlphaSteer 18.00% 6.00% 70.00% 6.00% 0.7126 AlphaSteer 24.00% 14.00% 58.00% 0.00% 0.7474
VectorSteer 20.00% 8.00% 68.00% 6.00% 0.7119 VectorSteer 22.00% 14.00% 40.00% 2.00% 0.8020
SCANS 14.00% 12.00% 78.00% 36.00% 0.5513 SCANS 26.00% 4.00% 84.00% 10.00% 0.6310
LLM-VA 70.00% 26.00% 48.00% 8.00% 0.6545 LLM-VA 36.00% 8.00% 24.00% 0.00% 0.8381

15B

Original 22.00% 6.00% 98.00% 0.00% 0.6182

14B

Original 86.00% 30.00% 86.00% 0.00% 0.5302
AlphaSteer+ 6.00% 0.00% 96.00% 2.00% 0.6623 AlphaSteer+ 28.00% 32.00% 52.00% 0.00% 0.7255
AlphaSteer 2.00% 0.00% 96.00% 2.00% 0.6711 AlphaSteer 26.00% 10.00% 46.00% 0.00% 0.7897
VectorSteer 2.00% 2.00% 94.00% 4.00% 0.6667 VectorSteer 18.00% 0.00% 72.00% 0.00% 0.7399
SCANS 12.00% 0.00% 94.00% 6.00% 0.6410 SCANS 30.00% 18.00% 82.00% 40.00% 0.4785
LLM-VA 12.00% 6.00% 38.00% 0.00% 0.8526 LLM-VA 46.00% 14.00% 56.00% 0.00% 0.7129

CoLA

MRPCMNLI

RTE

SST GSM8K

0.25
0.50

0.75
1.00

AlphaSteer
AlphaSteer+
Steer
SCANS
LLM-VA

CoLA
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RTE
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Llama 3.1 (8B)
gemma 2 (9B)
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Qwen3 (14B)

Figure 5: Left: Average utility preservation by method.
Right: Utility preservation per LLM with LLM-VA.
Values near 1.0 indicate minimal degradation.

and 29% ORR), LLM-VA primarily reduces ASR453

to ensure safety. Conversely, for models with low454

ASR but high ORR (e.g., Llama-3.1-8B with 7%455

ASR and 53% ORR), it primarily decreases ORR to456

enhance usability. This adaptive behavior emerges457

naturally from vector alignment without manual458

hyperparameter tuning for different models.459

Cases requiring further analysis. Four mod-460

els (Phi-3.5-4B, Phi-4-4B, Mistral-v0.3-7B, and461

Qwen3-14B) do not achieve the highest F1 with462

LLM-VA. We analyze these cases in Section 5.4463

and show that the suboptimal performance stems464

from iteration count sensitivity rather than funda-465

mental limitations of the approach.466

5.3 Utility Preservation Results (RQ2)467

Besides effectiveness in resolving trade-off, we468

also evaluate model utility preservation on 6 bench-469

mark datasets covering classification and mathe-470

matical reasoning tasks. Figure 5 shows the results471

across methods and models.472

Overall utility preservation. LLM-VA pre- 473

serves 95.92% of the original model’s utility on 474

average, outperforming all baseline methods. For 475

9 of 12 LLMs, utility preservation exceeds 95%, 476

demonstrating that LLM-VA successfully enhances 477

alignment without sacrificing general capabilities. 478

Comparison with baselines. SCANS shows the 479

largest utility degradation (averaging 40.98%) be- 480

cause aggressive magnitude adjustments disrupt the 481

model’s internal representations. VectorSteer per- 482

forms better (89.74%) but still falls short of LLM- 483

VA due to its architectural modifications. AlphaS- 484

teer and AlphaSteer+ achieve competitive preser- 485

vation (94.50% and 94.48%) through null-space 486

projection, but LLM-VA still outperforms them 487

while achieving substantially better alignment. 488

Task-specific analysis. The utility impact varies 489

across task types. Classification tasks (COLA, 490

MNLI, RTE, MRPC, SST) show minimal degrada- 491

tion, with most models preserving over 97% perfor- 492

mance. Mathematical reasoning (GSM8K) is more 493

affected, with 91.60% average preservation. This is 494

expected because math reasoning requires precise 495

logical chains that can be disrupted by represen- 496

tation changes. Nevertheless, the impact remains 497

limited compared to the alignment gains. 498

Model size effects. Larger and more capable 499

LLMs demonstrate better utility preservation. The 500

three models with lowest preservation—Phi-3.5-4B 501

(92.1%), Phi-4-4B (91.8%), and Mistral-v0.3-7B 502
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Figure 6: F1 scores with randomly distorted vectors at
different angles D from the original benign and answer
vectors.
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Figure 7: F1 scores vs. iteration number T for three
representative models.

(93.2%)—are either among the smallest models or503

have documented limitations in benchmarks (Four-504

rier et al., 2024; Gao et al., 2021). This suggests505

that larger models have more robust internal repre-506

sentations that better tolerate the weight modifica-507

tions introduced by vector alignment.508

5.4 Ablation Studies (RQ3)509

We analyze three key components: vector identifi-510

cation accuracy, iteration count, and layer selection.511

Vector Identification. To validate our SVM-512

based vector identification, we replace va and vb513

with random vectors D degrees away from the orig-514

inals, where D ranges from 30◦ to 90◦ (Figure 6).515

The performance degradation correlates with dis-516

tortion angle: at D = 90◦ (orthogonal to the true517

vectors), F1 drops by 24.82% on average, and all518

12 models underperform. At D = 60◦, all models519

still show degradation. However, at D = 30◦, F1520

only drops by 5.40%, indicating that LLM-VA is521

robust to small inaccuracies—a practical advantage522

since SVM hyperplanes may not perfectly capture523

true decision boundaries—while confirming that524

accurate identification remains essential.525

Iteration Number. We vary iteration count T526

from 1 to 30 (Figure 7). For clarity, we show the527

results of three representative models and put the528

full results in Appendix F. Models exhibit distinct529

convergence patterns: Llama 3.1 (8B) shows rapid530

improvement and stabilizes around T = 19; Phi531

4 (4B) peaks at T = 19 but then degrades with532

additional iterations, suggesting over-modification;533
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Figure 8: Impact of Lselect on F1 (left) and utility
(right).

Qwen 3 (14B) continues improving through T = 534

30 and beyond (as shown in Figure 7, we extended 535

to T = 60 and observed continued gains). 536

These patterns explain the suboptimal results 537

in Table 2: Mistral-v0.3-7B, Phi-3.5-4B and Phi- 538

4-4B suffer from over-modification (smaller and 539

performance-limited models (Fourrier et al., 2024; 540

Gao et al., 2021) are more susceptible to over- 541

modification), while Qwen3-14B underperforms 542

due to under-iteration. This suggests that model- 543

specific iteration tuning or early stopping based on 544

validation performance is important. 545

Layer Selection. Figure 8 shows F1 and utility as 546

Lselect varies from 30 to 60. For alignment, most 547

models exhibit a non-monotonic trend with an op- 548

timal Lselect: too few layers limit effectiveness, 549

while too many cause overfitting. For utility preser- 550

vation, most models remain stable until Lselect ex- 551

ceeds a threshold, at which point early layers are 552

modified and utility drops sharply. This confirms 553

that later layers are more relevant to safety deci- 554

sions while early layers are critical for general ca- 555

pabilities, motivating our contribution-score-based 556

layer selection (Section 4.2). 557

6 Conclusion 558

In this work, we presented LLM-VA, a novel 559

approach that simultaneously addresses jailbreak 560

and over-refusal by aligning the answer vec- 561

tor with the benign vector through closed-form 562

weight updates—making the model’s willingness 563

to answer causally dependent on its safety judg- 564

ment without requiring fine-tuning or architectural 565

changes. Experiments on 12 widely used LLMs 566

from 5 model families demonstrate a 11.45% F1 567

improvement over the best baseline while preserv- 568

ing 95.92% utility, and our ablation studies confirm 569

the importance of accurate vector identification and 570

model-specific hyperparameter tuning. 571
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7 Limitations572

Binary toxicity assumption. We consider573

only binary classification (benign vs. toxic),574

whereas real-world toxicity is nuanced and multi-575

dimensional. Extending LLM-VA to multi-class or576

fine-grained toxicity classification remains future577

work.578

Model scale. Our experiments cover models579

from 3B to 14B parameters. The effectiveness of580

LLM-VA on larger models (e.g., 70B+) remains581

to be validated, as these models may have differ-582

ent internal representations and require different583

hyperparameter settings.584

Training data dependency. LLM-VA requires585

labeled benign/toxic samples to train the SVMs586

for vector identification. The quality and repre-587

sentativeness of this training data directly affect588

alignment performance, and obtaining such labels589

may not always be straightforward.590

Reasoning models. Vector steering methods, in-591

cluding LLM-VA, are difficult to apply to LLMs592

with chain-of-thought reasoning. The control vec-593

tors must be identified after reasoning steps are594

generated, which is computationally expensive, and595

the randomness in reasoning makes accurate vector596

identification challenging.597

Model-specific tuning. As shown in our abla-598

tion studies, optimal iteration count and layer se-599

lection vary across models. While LLM-VA uses600

validation-based selection, this requires tuning for601

a new model, limiting plug-and-play applicability.602

Transferability. The performance of the exist-603

ing vector steering methods, including LLM-VA,604

on unseen datasets varies depending on tasks and605

models (Appendix G). This imply that current steer-606

ing methods may need to treat different tasks or607

domains separately, and improving transferability608

remains future work.609

Static alignment. The alignment is performed610

once and does not adapt to new threats or evolv-611

ing definitions of harmful content. Periodic re-612

alignment may be needed as the threat landscape613

changes.614

Customized Trade-off. LLM-VA aims to im-615

prove both jailbreak and over-refusal behavior si-616

multaneously. However, in certain applications617

(e.g., healthcare (Al-Garadi et al., 2025; Yang et al.,618

2024b) or PLC code generation (Liu et al., 2024b)), 619

users may prefer to prioritize one aspect over the 620

other. Extending LLM-VA to allow for customiz- 621

able trade-offs remains future work. 622

Experimental methodology. Our results are 623

based on single runs with a fixed random seed. 624

While we observe consistent improvements across 625

12 models, incorporating statistical significance 626

tests would further strengthen our empirical find- 627

ings. 628

8 Ethical Considerations 629

8.1 Potential Risks 630

Though LLM-VA aims to enhance the safety align- 631

ment of LLMs, it can be misused to manipulate 632

model behaviors in unintended ways. For instance, 633

attackers could potentially exploit the vector align- 634

ment technique to bypass safety mechanisms or 635

introduce harmful biases into the model. Besides, 636

the datasets used for training and evaluation may 637

contain biases. 638

8.2 AI Assistants Usage 639

We employ GPT-5.2 (OpenAI, 2024) and Github 640

Copilot8 to assist in writing code for experiments. 641

We carefully review and verify all AI-generated 642

content to ensure accuracy and integrity. 643
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A Angles between Answer Vectors and864

Benign Vectors865

As shown in Figure 9, the angles between the an-866

swer vectors and benign vectors of different LLMs867

are approximately 90◦, indicating that they are868

nearly orthogonal.869

B Discussion on Layer Type Selection870

In Section 4.2, we mention that we treat both871

MLP and attention sublayers as “layers” for se-872

lection. This is because both types of sublayers873

contribute to the model’s internal representations874

and decision-making processes. Modifying either875

type can influence the model’s behavior regarding876

safety alignment. Besides, we conduct preliminary877

experiments to compare the combined score (Eq. 6)878

distributions of MLP and attention sublayers. The879

results are presented in Figure 10. The results show880

that both MLP and attention sublayers exhibit simi-881

lar contribution score distributions across different882

LLMs. Later layers tend to have higher contribu-883

tion scores, indicating their greater relevance to884

safety-related decisions. Therefore, we treat both885

MLP and attention sublayers equally in our layer886

selection process.887

C Additional Instructions on General888

Ability Datasets889

In this section, we provide detailed instructions on890

the general ability datasets used in our experiments.891

• Corpus of Linguistic Acceptability (COLA)892

(Warstadt et al., 2018) is a dataset for evaluating893

the grammatical acceptability of sentences. Each894

sample consists of a sentence and a binary label895

indicating whether the sentence is grammatically896

acceptable or not.897

• Multi-Genre Natural Language Inference898

(MNLI) (Williams et al., 2018) is a large-scale899

dataset for natural language inference. Each sam-900

ple consists of a pair of sentences annotated with901

textual entailment labels.902

• Recognizing Textual Entailment (RTE) (Ben-903

tivogli et al., 2009) is a dataset for evaluating904

the ability of models to recognize textual entail-905

ment. Each sample consists of a pair of sentences906

where one sentence is the premise and the other907

is the hypothesis.908

• Microsoft Research Paraphrase Corpus 909

(MRPC) (Dolan and Brockett, 2005) is a dataset 910

for evaluating the ability of models to recognize 911

paraphrases. Each sample consists of a pair of 912

sentences extracted from online news sources, 913

with human annotations indicating whether each 914

pair is semantically equivalent or not. 915

• Stanford Sentiment Treebank (SST) (Socher 916

et al., 2013) is a dataset for sentiment analysis. 917

Each sample consists of a sentence and a binary 918

label indicating whether the sentiment of the sen- 919

tence is positive or negative. 920

• GSM8K (Cobbe et al., 2021) is a dataset for 921

evaluating the mathematical reasoning ability of 922

models. Each sample consists of a math word 923

problem and its corresponding solution. 924

D Details about Experimental Setup 925

We implement LLM-VA with max iteration num- 926

ber T = 30. The final modified model is obtained 927

by selecting the best model on the validation set 928

during the iterations. The numbers of selected lay- 929

ers Lselect of each model are shown in Table 3. 930

For the SVM-based vector identification, we use 931

the default regularization parameter C = 1.0 from 932

scikit-learn (Pedregosa et al., 2011). For baseline 933

methods, we follow the original papers and use 934

the default hyperparameters. If the original pa- 935

pers do not provide hyperparameter settings for 936

certain models, we transfer the hyperparameters 937

from similar models (e.g., models with the same ar- 938

chitecture or in the same family). All experiments 939

are conducted on 2×80 GB A100 GPUs. We use 940

the default generation configurations in Hugging 941

Face Transformers9 for base LLMs during infer- 942

ence. The temperature parameters of all models are 943

set to 0.0 to ensure deterministic outputs. We use a 944

fixed random seed of 42 for reproducibility across 945

all experiments. 946

E Details on Judge Model Selection 947

As far as we know, Qwen3-Guard-Gen-8B (Zhao 948

et al., 2025) is currently the only open-source LLM 949

specifically designed to evaluate jailbreak and over- 950

refusal behaviors. We also considered combin- 951

ing multiple judge models to realize the evalua- 952

tion (e.g., LlamaGuard 3 (Chi et al., 2024) for jail- 953

break and OR-Judge (Zhang et al., 2025a) for over- 954

9https://huggingface.co/docs/transformers/
index
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Figure 9: Angles between answer vectors and benign vectors of different LLMs.
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Figure 10: Comparison of combined scores between MLP and attention sublayers across different LLMs.
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Table 3: Selected layer numbers of different models in LLM-VA.

Model Llama-3.1 Gemma-2 Mistral-v0.3 Phi-3.5 Phi-4 Qwen2.5 Qwen3
Size 8B 9B 7B 4B 4B 15B 3B 7B 14B 4B 8B 14B
# Selected Layers 42 60 42 30 48 54 60 36 54 48 60 48

0 5 10 15 20 25 30
Iteration

0.0

0.2

0.4

0.6

0.8

1.0

OR
R/

AS
R

Rate vs. Iteration

ASR (seval_attack)
ASR (seval_risk)
ORR (orfuzzset)
ORR (nq)

Figure 11: An example of evaluation results with com-
bined judge models.

refusal). However, due to their different judgement955

criteria, combining multiple judge models may lead956

to inconsistent evaluations. As a result, LLM-VA957

will find incorrect vectors to align, leading to subop-958

timal performance. Figure 11 shows an example of959

such inconsistent evaluations. The ORR evaluated960

by OR-Judge reaches 100% due to the inconsis-961

tency between the two judge models. Therefore,962

we choose Qwen3-Guard-Gen-8B as the sole judge963

model for a consistent evaluation of both jailbreak964

and over-refusal behaviors.965

F Detailed Results on Iteration Number966

The detailed results on the impact of iteration num-967

ber of each LLM are shown in Figure 12.968

G Transferability Experiments969

To evaluate the transferability of LLM-VA, we as-970

sess how well the vector alignment learned on the971

training datasets generalizes to unseen datasets. We972

evaluate the modified models on three additional973

jailbreak datasets (XSTest-Toxic (Röttger et al.,974

2024), OR-Bench-Toxic (Cui et al., 2025), and Ad-975

vBench (Zou et al., 2023b)) and two over-refusal976

datasets (XSTest (Röttger et al., 2024) and OR-977

Bench (Cui et al., 2025)) that are not included in978

the training set. The results are shown in Table 4.979

The results show that the performance of LLM-980

VA on unseen datasets varies across different981

models. While LLM-VA maintains reasonable982

safety alignment on most unseen datasets, the per-983

formance degradation compared to the training984

datasets indicates that further research is needed985

to improve the generalization of vector steering 986

methods. 987
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Figure 12: Detailed results on the impact of iteration number of each LLM.

Table 4: Transferability results on unseen datasets.

Model Size Method AdvBench
ASR↓

OR-
Bench-
Toxic
ASR↓

XSTest-
Toxic
ASR↓

OR-
Bench
ORR↓

XSTest
ORR↓

Final
F1↑

Model Size Method AdvBench
ASR↓

OR-
Bench-
Toxic
ASR↓

XSTest-
Toxic
ASR↓

OR-
Bench
ORR↓

XSTest
ORR↓

Final
F1↑

Llama-3.1 8B

Original 0.58% 3.05% 0.00% 48.22% 16.57% 0.7077

Qwen2.5

3B

Original 0.19% 2.29% 0.57% 55.42% 19.34% 0.6522
AlphaSteer+ 0.58% 3.05% 0.00% 48.67% 17.13% 0.7038 AlphaSteer+ 0.00% 2.44% 0.00% 53.53% 21.55% 0.6649
AlphaSteer 0.19% 1.37% 0.00% 61.87% 27.07% 0.5921 AlphaSteer 0.19% 1.53% 0.00% 59.97% 21.55% 0.6144
Steer 0.00% 0.15% 0.00% 85.60% 49.17% 0.3163 Steer 0.00% 0.15% 0.00% 85.97% 37.57% 0.3313
SCANS 0.19% 1.37% 0.00% 72.48% 26.52% 0.4945 SCANS 6.35% 16.64% 1.15% 40.11% 13.81% 0.7305
Modified 7.69% 5.80% 4.02% 46.85% 6.63% 0.7088 Modified 0.38% 4.12% 0.57% 54.21% 21.55% 0.6555

gemma-2 9B

Original 0.58% 1.98% 0.00% 80.52% 28.73% 0.4059

7B

Original 0.38% 6.72% 0.00% 24.64% 8.84% 0.8569
AlphaSteer+ 0.77% 0.92% 0.57% 81.58% 26.52% 0.3985 AlphaSteer+ 0.77% 6.11% 0.00% 24.87% 8.84% 0.8563
AlphaSteer 0.00% 0.46% 0.00% 88.86% 28.73% 0.3103 AlphaSteer 3.08% 3.66% 0.00% 34.50% 9.39% 0.8006
Steer 0.00% 0.31% 0.00% 94.16% 56.35% 0.1882 Steer 8.65% 5.50% 0.00% 61.03% 29.28% 0.5776
SCANS 3.08% 5.50% 0.57% 59.82% 29.28% 0.5952 SCANS 1.54% 6.87% 1.72% 40.56% 11.60% 0.7552
Modified 2.88% 1.68% 0.00% 82.41% 29.83% 0.3809 Modified 3.65% 9.92% 0.00% 19.94% 7.73% 0.8714

Mistral-v0.3 7B

Original 54.42% 48.70% 16.67% 7.28% 3.87% 0.7920

14B

Original 0.00% 4.58% 0.00% 21.15% 8.29% 0.8816
AlphaSteer+ 52.12% 48.85% 16.67% 7.35% 4.42% 0.7937 AlphaSteer+ 0.19% 5.34% 0.00% 20.77% 8.29% 0.8817
AlphaSteer 45.38% 48.09% 14.37% 7.66% 4.97% 0.8021 AlphaSteer 0.00% 3.21% 0.00% 26.31% 9.39% 0.8551
Steer 42.69% 40.92% 5.75% 11.75% 11.05% 0.7970 Steer 0.00% 0.15% 0.00% 57.01% 16.02% 0.6477
SCANS 74.42% 41.98% 22.99% 18.57% 7.73% 0.7209 SCANS 7.88% 16.95% 2.30% 30.40% 19.34% 0.7824
Modified 27.31% 17.25% 2.87% 37.30% 10.50% 0.7195 Modified 0.77% 5.04% 0.00% 17.74% 6.08% 0.8990

Phi-3.5 4B

Original 2.12% 4.89% 1.72% 45.49% 13.26% 0.7234

Qwen3

4B

Original 0.96% 4.73% 0.57% 44.35% 6.63% 0.7402
AlphaSteer+ 1.15% 4.43% 1.15% 43.90% 13.81% 0.7365 AlphaSteer+ 7.88% 24.58% 4.02% 21.08% 4.42% 0.8307
AlphaSteer 1.15% 3.66% 1.15% 48.98% 13.81% 0.7022 AlphaSteer 33.85% 37.10% 8.62% 22.14% 7.73% 0.7634
Steer 1.15% 3.51% 1.15% 56.41% 22.10% 0.6373 Steer 0.77% 1.83% 0.00% 66.49% 19.89% 0.5583
SCANS 1.54% 1.37% 1.15% 79.83% 37.57% 0.3994 SCANS 3.65% 6.11% 0.57% 46.93% 11.60% 0.7107
Modified 6.54% 6.41% 0.00% 43.21% 12.71% 0.7306 Modified 2.31% 4.27% 0.57% 36.69% 7.73% 0.7880

Phi-4

4B

Original 0.58% 2.14% 0.00% 58.83% 17.68% 0.6265

8B

Original 0.96% 3.21% 1.15% 44.12% 9.39% 0.7419
AlphaSteer+ 0.19% 1.53% 0.00% 59.97% 18.23% 0.6182 AlphaSteer+ 7.31% 14.20% 7.47% 62.70% 22.10% 0.5560
AlphaSteer 0.19% 1.53% 0.00% 55.42% 18.23% 0.6551 AlphaSteer 0.58% 4.89% 1.15% 34.65% 7.18% 0.8025
Steer 0.19% 2.60% 0.00% 46.70% 16.57% 0.7201 Steer 0.96% 4.12% 0.57% 40.03% 9.39% 0.7677
SCANS 10.19% 12.98% 0.57% 36.01% 8.84% 0.7621 SCANS 0.58% 2.29% 0.00% 70.96% 20.99% 0.5147
Modified 0.58% 7.63% 1.15% 18.73% 11.60% 0.8841 Modified 0.96% 3.82% 0.00% 40.71% 8.29% 0.7651

15B

Original 0.19% 3.97% 0.00% 72.71% 17.13% 0.5007

14B

Original 0.19% 4.43% 0.57% 40.33% 7.18% 0.7683
AlphaSteer+ 0.00% 3.97% 0.00% 72.63% 15.47% 0.5039 AlphaSteer+ 5.96% 22.44% 3.45% 13.65% 6.63% 0.8743
AlphaSteer 0.00% 3.36% 0.00% 75.97% 16.57% 0.4704 AlphaSteer 0.77% 12.21% 0.57% 20.09% 5.52% 0.8719
Steer 0.00% 2.29% 0.00% 84.23% 20.99% 0.3762 Steer 0.00% 0.31% 0.57% 72.33% 20.99% 0.5052
SCANS 1.35% 5.95% 0.00% 67.78% 11.60% 0.5490 SCANS 29.04% 26.11% 9.20% 35.94% 25.41% 0.6955
Modified 0.77% 3.82% 0.00% 53.37% 11.60% 0.6727 Modified 4.81% 3.05% 0.00% 51.86% 11.05% 0.6801
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